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Background: Atherosclerotic plaques are the major cause of coronary artery disease
(CAD). Currently, computed tomography (CT) is the most commonly applied imaging
technique in the diagnosis of CAD. However, the accurate extraction of coronary plaque
geometry from CT images is still challenging.
Summary of Review: In this review, we focused on themethods in recent studies on the
CT-based coronary plaque extraction. According to the dimension of plaque extraction
method, the studies were categorized into two-dimensional (2D) and three-dimensional
(3D) ones. In each category, the studies were analyzed in terms of data, methods,
and evaluation. We summarized the merits and limitations of current methods, as well
as the future directions for efficient and accurate extraction of coronary plaques using
CT imaging.
Conclusion: Themethodological innovations are important for more accurate CT-based
assessment of coronary plaques in clinical applications. The large-scale studies,
de-blooming algorithms, more standardized datasets, and more detailed classification
of non-calcified plaques could improve the accuracy of coronary plaque extraction
from CT images. More multidimensional geometric parameters can be derived from
the 3D geometry of coronary plaques. Additionally, machine learning and automatic
3D reconstruction could improve the efficiency of coronary plaque extraction in
future studies.
Keywords: coronary artery disease, atherosclerosis, plaque morphology, cardiac computed tomography,
three-dimensional reconstruction
INTRODUCTION
With the increasing incidence, coronary artery disease (CAD) is the most common type of heart
disease and the leading cause of death globally (1). The stenosis of coronary arteries incurred by
the growth of atherosclerotic plaques is the major cause of CAD and related cardiac events such as
acute myocardial infarctions (MI) (2). Therefore, the accurate evaluation of atherosclerotic plaques
in coronary arteries is important for the diagnosis and treatment of CAD.
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In the diagnosis of CAD, computerized tomography (CT)
imaging is the most commonly used imaging technique. Cardiac
or cardiovascular CT (CCT), also named as coronary computed
tomography angiography (CCTA, sometimes short as coronary
CTA), or CT coronary angiography (CTCA), has a high spatial
resolution to reflect the anatomic severity and morphology of
coronary plaques. The anatomic severity of coronary plaques
estimated by CT imaging was in accordance with the results
derived from intravascular ultrasound (IVUS) imaging (3). CT
imaging has a higher resolution than the cardiac magnetic
resonance imaging (MRI) (4). Compared with MRI and IVUS,
CT is low-cost, non-invasive, and available on patients with
implants (5). Furthermore, CT imaging could reflect the
morphology of plaques by differentiating various compositions.
Non-calcified, partially calcified, and calcified plaques could
be differentiated based on their x-ray attenuation values (in
Hounsfield units, or HU) which reflect the brightness of certain
areas in CT images (6).
Since the early 2000s, the development of multi-slice CT
(MSCT) technology, which refers to a special CT system
equipped with a multiple-row (4, 8, 16, and 64) detector
array that can collect a high volume of patient data in each
gantry rotation, provides the possibility of reconstructing the
three-dimensional (3D) geometry of atherosclerotic plaques in
coronary arteries (7, 8). Especially, the 64-detector CT scanners
showed better accuracy than the 4- or 8-detector ones in the
diagnosis of significant coronary arterial stenosis (diameter
stenosis >50%) (9). Based on the analysis of coronary CT
images, the diameter stenosis and calcification volume have been
widely used in the CAD-related clinical applications (10). In the
meantime, the automatic 3D reconstruction and quantification
of the non-calcified component was also achievable (11). The
standardized, quantitative analysis of coronary CTA datasets
was reproducible for the measurement of plaque geometrical
and compositional parameters (e.g., plaque length, percentage
area stenosis, and percentage of atheroma volume) in different
geometric dimensions with high intra-observer and inter-
observer agreement (12). Based on the comparison with
histological images, the MSCT images have been applied in the
analysis of coronary plaque morphology (13). Since the late
2000s, the 3D geometry of coronary plaque reconstructed from
MSCT images has been widely applied in the computational
simulation of plaque stress (14), wall shear stress (15), and
the accumulation of low-density lipoprotein (16). The accurate
extraction and reconstruction of coronary plaques from CT
images plays a key role in improving the quality of diagnosis and
treatment of CAD, as well as the pathophysiological studies of
coronary arteries.
Currently, the majority of the studies on the extraction of
coronary plaques from CT images are based on the difference
in attenuation values, which is not sufficient for the accurate
evaluation of coronary plaques. For calcified plaques, the
blooming artifact could cause the overestimation of plaque areas,
especially in the cases with significant calcification (17). For non-
calcified plaque, it is difficult to differentiate between fibrotic and
lipid plaques. Another challenge is the demarcation between the
non-calcified or mixed plaques, the outer vessel border consisting
of the tunica adventitia, and the surrounding tissues, which are
similar in intensity (18). To achieve the accurate evaluation of
coronary plaques using CT images, technical innovations are
needed to overcome these challenges.
Recently, some novel methods and algorithms have been
proposed to improve the accuracy of coronary plaque extraction
from CT images. In this review, the novel methods and
algorithms are categorized, analyzed, compared, and summarized
to disclose the future directions toward more accurate CT-based
evaluation of coronary plaques.
METHODS
The keywords for the literature search are “coronary artery” or
“coronary” combined with “atherosclerotic plaque” or “plaque,”
and “CT” or “computerized tomography”. Publications written
in English from 2015 to June 2019 were searched on PubMed,
Web of Science Core Collection, IEEE Xplore Digital Library,
and https://scholar.google.com.
Over 50 papers have been found. Based on the titles, keywords,
and abstracts, more than 20 papers were excluded which did not
propose methodological or technological innovation of coronary
plaque extraction. Finally, 31 papers were selected for the review
including 27 journal articles and 4 conference papers.
The selected publications were categorized according to
the dimension of the plaque extraction method. In the two-
dimensional (2D) methods, the coronary arteries and plaques
are directly segmented and extracted from the 2D images. In
the 3D methods, the 3D structures of coronary arteries and
plaques are reconstructed from the 2D images. At present,
the clinical diagnosis and research of CAD are based on
the CTCA images derived from the MSCT scan. The MSCT
scan provides a solid basis for 3D CTCA analysis. Whereas,
the original CT images derived from MSCT scans are still
the transverse 2D images. The 3D CTCA images and the
2D CTCA images on coronal and sagittal cross-sections are
obtained through reconstruction. As the original data, 2D CTCA
images are essentially more accurate than other reconstructed
images. Therefore, the 2D CTCA images are still widely used
in some recent studies (19). The reconstructed 2D images,
including the coronal, sagittal, and curved planar reformation
images, also play an important role in clinical diagnosis (20).
Additionally, the current diagnostic standards and guidelines
are based on the geometric parameters (especially the diameter
stenosis) derived from 2D images of coronary arteries (21).
Therefore, the 2D methods are included and analyzed in this
review while the 3D methods will be increasingly important in
future studies.
Some studies included 3D reconstruction and volumetric
measurement. However, in these studies, the 3D reconstruction
was automatically performed by software without any technical
details disclosed (22), and the aim was the comparison or
validation of 2D image processing algorithms (23–27), without
methodological innovation in 3D volumetric analysis (17).
Therefore, they were categorized as 2D methods. Some studies
used the automatic 3D reconstruction of coronary plaques, but
Frontiers in Cardiovascular Medicine | www.frontiersin.org 2 February 2021 | Volume 8 | Article 597568
Liu et al. Cutting-Edge CT-based Coronary Plaque Analysis
volumetric measurement is a major objective (28–32), or the 2D
images were extracted from 3D CTA images (33), therefore, they
were classified as 3D studies.
In the following sections, 2D methods and 3D methods
will be separately analyzed and summarized in three aspects:
data, method, and evaluation. Regarding the data, we listed the
details of data source (in vivo, in vitro, ex vivo, or phantom),
inclusion criteria on arterial segment and plaques, numbers of
human subjects and arterial segments. Regarding the method, we
analyzed the classification of plaques (calcified and non-calcified;
calcified, lipid and fibrotic; etc.), attenuation values of different
plaques, methods of plaque extraction and reconstruction, as
well as the technical innovations. Regarding the evaluation, we
analyzed the geometric parameters in different dimensions, the
intra- and inter-observer repeatability of the results, and the
reference for the evaluation of accuracy (IVUS, histopathologic
examination, etc.).
RESULTS
2D Methods of Coronary Plaque Extraction
From CT Images
Classification of Data
We found 13 studies on 2D plaque extraction, including 12
original studies and a review paper (34). The majority (10
out of 12) of original studies used in vivo data which were
collected non-invasively (17, 22–27, 35–37). Three studies used
phantoms for data collection, in which 2 studies used phantom
data in parallel with in vivo data (17, 37) while one used
exclusively the phantom data (38). One study used ex vivo
data (39).
In terms of the medical imaging techniques, in vivo data are
the imaging data collected from living and functional organisms.
In vivo imaging data are patient-specific. In vivo CT imaging data
could be derived before and after the clinical treatment as the
baseline and the follow-up observations to evaluate the severity of
the CAD and the efficiency of treatment. Therefore, in vivo data
play a key role in the diagnosis and treatment of CAD. However,
CT scans are mainly performed on patients with CAD. In vivo
data of healthy individuals are relatively rare.
CT imaging data could be collected from phantoms. A
major benefit of phantoms is their controllable geometry. By
presetting the geometric parameters (diameters, length, severity
of stenosis, etc.) of plaque phantoms, and comparing with the
geometry reconstructed from CT imaging, the accuracy of plaque
extraction algorithms could be quantitatively evaluated. In a
recent study, the accuracy of a vendor-specific model-based
iterative reconstruction algorithm was evaluated on phantoms
for both calcified and non-calcified plaques (37). A straight
acrylic tube (length: 50mm, diameter: 3mm) was used as the
model of coronary artery. Polystyrene, mono cast nylon, and
acrylonitrile butadiene styrene copolymer weremixed to simulate
soft, intermediate, and calcified plaques, with stenotic attenuation
value of 40, 80, and 150 HU. Two stenotic degrees of 50% and
75% were used to evaluate the accuracy of plaque extraction in
different plaques.
Using different plaque components, different anatomic
structures, and different sizes, phantoms can be used in the
comprehensive evaluation of plaque extraction methods. To
optimize the CTCA protocol for more accurate extraction of
plaques and coronary arteries, as well as early detection of the
vulnerable plaques (non-obstructive atherosclerotic plaques with
a thin fibrous cap covering fatty debris, leading to thrombus
formation and embolization when ruptured), Kashani et al.
used a phantom which contained 7 channels with different
diameters between 3 and 5mm. The channels were filled with
different materials to simulate cholesterol and adipose tissues
of the plaques, and surrounding myocardial tissues (38). The
authors suggested that CTCA imaging of lipid-rich plaques can
be optimized through using intermediate x-ray tube currents of
300 and 400mA and the adjustment of the x-ray tube potential.
To investigate the accuracy of iodine quantification with dual-
energy CT imaging of coronary arteries, Pelgrim et al. developed
an anthropomorphic phantom including artificial lungs, spine,
body fat, and a cavity at the position of the heart. The cavity
was filled with a holder carrying five separate tubes to simulate
coronary arteries. Different patient sizes were simulated using
extension rings with densities comparable to fat (40).
Another benefit of using phantoms is the avoidance of
complex operation and clinical risks of in vivo imaging on human
subjects or animals. To fully validate the results derived from
phantoms, and investigate their clinical applications, two studies
included both phantoms and in vivo data (17, 37). The first
study focused on the calcified plaques with ≥50% and ≥70%
luminal stenosis on CT images, and simulated them in phantoms
to evaluate if the de-blooming algorithm would derive more
accurate plaque extraction (17). The second study included both
calcified and non-calcified plaques with 50% and 75% stenosis in
a coronary vessel model whose length and radius were 50.0 and
3.0mm, respectively (37).
Nevertheless, the use of phantoms also has some limitations.
Firstly, phantoms have highly simplified geometry which could
not present the patient-specific anatomy. It is commonly
observed that the anatomy of human coronary arteries is highly
diverse among the population. Secondly, it is difficult to use
phantoms to simulate the mixed plaques consisting of lipid
and fibrotic components with speckled calcifications (diameter
<2mm), which are widely observed especially in the early phase
of calcification (41).
One study used ex vivo imaging data which were derived from
three ex vivo human hearts during post-mortem. Both CCTA and
IVUS imaging were performed. Coronary computed tomography
angiography and IVUS images of arterial cross-sections in 1-
mm increments were co-registered. To evaluate the accuracy
of the proposed algorithm of plaque reconstruction, the plaque
areas reconstructed from CCTA images were compared with the
plaque areas in the corresponding IVUS images (39). The ex vivo
imaging data could be desirable than in vivo data in some aspects.
Firstly, imaging is much easier to perform on ex vivo specimen
than on in vivo organ. Additionally, the ex vivo data are free from
the motion artifact which is inevitable in in-vivo data. Therefore,
ex vivo data could be used for quantitative evaluation of plaque
reconstruction from patient-specific CT images. However, ex
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vivo imaging data were rare, therefore difficult to be used in
large-scales studies.
Inclusion Criteria on Arterial Segments and Plaques
We included different types of articles covering scientific,
engineering, and clinical studies. Normal subjects and CAD
patients were recruited in different studies in which the inclusion
(or exclusion) criteria of human subject are highly diverse.
Therefore, we focused on the inclusion (or exclusion) criteria of
arterial segments and plaques.
For arterial segments, due to the limited accuracy of CT
imaging in small branches, some studies included only the
arterial segments with a radius larger than 1.5mm (22, 34). The
inclusion of only the proximal 40mm of each coronary artery
and the exclusion of left main coronary lesions were also used as
criteria (39). In three phantom studies, the first one used the inner
diameter between 3.5 and 4.5mm (17). The second one used the
length of 50.0mm and a diameter of 3.0mm for lumen (37). The
third one included lumen diameter between 3 and 5mm, wall
thickness between 1.5 and 3.5mm, with 10mm as the segment
length (38).
The severity of luminal stenosis, defined as the ratio between
lumen diameters in stenotic and normal segments, was widely
used as the inclusion criterion of plaques, especially non-calcified
plaques. In the studies on 2D plaque extraction, the severity of
luminal stenosis varies between 25% and 75% (37). In clinical
diagnosis, luminal stenosis larger than 50% is widely used as the
criterion of significant stenosis (22, 35–37).
Numbers of Human Subjects and Arterial Segments
Most of the studies on 2D plaque extraction included <100
human subjects. However, multiple arterial segments can be
extracted from the imaging data of one subject. Therefore, in
some studies, there are more arterial segments than human
subjects. As mentioned, the only study using ex vivo data
included three ex vivo human hearts (39). The following
paragraphs are focused on the studies using in vivo data.
There were 2 pilot studies, which included <10 human
subjects (27, 37). In the first study, 12 arterial segments were
extracted from the imaging data of 10 human participants (37).
In the second study, to investigate the automatic extraction of
both calcified and non-calcified plaques, three male patients with
acute myocardial infarct were included. For each subject, three
CCTA scans were performed with different imaging parameters.
In each scan, 17 coronary segments were extracted following
the coronary arterial model proposed by the American Heart
Association (AHA) (27).
Two studies included 10–50 human subjects. The first one
included 31 human participants as well as 2 phantoms, from
which 375 coronary arterial segments and 77 calcified plaques
were extracted (17). This study was focused on the reduction
of blooming artifact in extracting calcified plaques; therefore,
patients with non-calcified plaques were excluded. Another
study included 43 subjects to investigate the derivation of
coronary calcium scoring (CCS) from low-radiation-dose (24).
The analysis was based on individuals; therefore, the number of
arterial segments was not provided.
Six studies included more than 50 (range: 53–99) subjects.
Rossi et al. extracted 144 stenosed segments of coronary arteries
from 99 patients to investigate if CTCA could be used in
screening the functionally significant coronary lesions (35). To
investigate the semi-automatic coronary plaque quantification,
Øvrehus et al. collected the CTA data of 50 patients in which
627 arterial segments were confirmed as evaluable (diameter >
1.5mm, without motion artifact) by observers. Luminal stenosis
of> 70% and 50–70%was found in 1 and 4 patients, respectively.
Non-calcified and mixed plaques were found in 17 and 55
arterial segments (22). Li et al. proposed a new algorithm to
improve the accuracy of reconstructing non-calcified plaques
(36). Seventy-seven non-calcified plaques were extracted from 66
patients. The analysis was plaque-based therefore the number of
arterial segments was not disclosed (36). Similarly, two studies
investigated the reconstruction of calcified plaques based on
Agatston coronary artery calcium scoring (CAC) scoring, with
CT data collected from 63 (23) to 60 (25) subjects, respectively,
without mentioning the number of arterial segments. Another
study investigated plaque compositions divided by five ranges of
HU values. Totally 160 plaques were extracted from 53 patients,
without mentioning the number of arterial segments (26).
In addition, there is a clinical literature review which includes
over 6,000 cases (34). This large and diverse population was used
to cover a wide range of vulnerable and non-vulnerable plaques,
which differ in severity and composition.
Considering the individual differences in the geometry of
coronary arteries and plaques, recruiting large numbers of
subjects could provide enough data for reliable statistical analysis.
However, some of the presented studies have a small number of
participants as they are pilot studies or phantom-based validation
of algorithms. The extraction of multiple arterial segments from
one subject is an important method to enlarge the sample size
of arteries.
Classification of Coronary Plaques
The development of atherosclerosis starts from the filtration
of low-density lipoprotein through the endothelium, which
forms the fatty streaks in the arterial wall. The consequent
inflammatory response involves macrophages, T-cells,
and complex biochemical mechanisms, forming lipid-rich
atherosclerotic plaques which finally become calcified and
fibrous. According to the criteria proposed by AHA, the
development of atherosclerotic plaques in coronary arteries
consists of eight major stages: 1. Isolated macrophage foam cells;
2. Multiple foam cell layers formed; 3. Isolated extracellular
lipid pools added; 4. Confluent extracellular lipid core formed;
5. Fibromuscular tissue layers produced; 6. Surface defect,
hematoma, and thrombosis; 7. Calcification predominates; and
8. Fibrous tissue changes predominate (42).
Based on the AHA criteria, in grating-based phase-contrast
computed-tomography (gb-PCCT) imaging of coronary arteries,
four types of plaques could be differentiated: 1. Plaque with
lipid or necrotic core surrounded by fibrous tissue with
possible calcification; 2. Complex plaque with possible surface
defect, hemorrhage or thrombus; 3. Calcified plaque; and 4.
Fibrotic plaque without lipid core and with possible small
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TABLE 1 | Graphical representation of described examples of calcified and non-calcified plaques.
Methodology Calcified plaques Non-calcified plaques
Fibrotic Lipid
Histological sample
I: late fibro-atheroma (LFA) lesion (necrotic core
covered by a fibrous cap). II-V: consolidated
former lesions [fibrotic calcified plaque (FCP)].
Adapted from Lindeman et al. (44) © 2018 by
the authors. CC BY 4.0.
Fibrous plaque, which is fibrocellular and also
rich in proteoglycans (Elastic van Gieson, 100)
Adapted from Vaideeswar et al. (45) © 2019 by
the authors. CC BY 4.0.
Fatty plaque, comprising a large lipid-rich core
separated from the lumen by a thin fibrous cap.
The lipid material may in the form of collections
of foamy macrophages and/or extra-cellular
lipid material (HE, 100). Adapted from




Calcification marked with purple mask.
Adapted from Messerli et al. (25) © 2016 with
permission from The Association of
University Radiologists.
The necrotic core (35.3%, dark green)
surrounded by fibrous plaque (51.5%, light
green). Lumen and calcification (13.2%) are
marked orange and pink, respectively. Inset
shows cross-sectional images at arrows.
Adapted from Obaid et al. (46) © 2017 by the
authors. CC BY 4.0.
A lipid plaque: yellow <51 HU, red 51–100 HU,
green 101–150 HU, blue 151–350 HU, white
>350 HU.
Adapted from Chen et al. (26) © 2016 with
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TABLE 1 | Continued
Methodology Calcified plaques Non-calcified plaques
Fibrotic Lipid
Lumen and calcified plaque reconstructed by
semi-automatic and manual methods. Adapted
from Kigka et al. (47) © 2017 with permission
from Elsevier Ltd.
The semi-automatic analysis of a fibrotic plaque
in LAD: lipid (red), fibrous (blue) and calcified
(yellow) components.
Adapted from Cui et al. (48) © 2017 by the
authors. CC BY 4.0.
Semi-automatic segmentation of coronary
vessel: calcified (yellow), lipid (green) and
fibrotic (blue).The cross-section shows a
lipid plaque. Adapted from Infante et al. (49) ©
2019 by the authors. CC BY 4.0.
TABLE 2 | Methods of coronary plaque classification.
Plaque classification
Calcified and non-calcified Calcified, mixed, and
non-calcified
Lipid-rich, fibrous, and calcified
2D reconstruction Calcified and non-calcified plaques (22, 27, 35, 39).
Calcified and non-calcified plaques, as well as
high-risk plaques. The main CTCA features related to
high-risk plaques are: (1) positive remodeling, PR
[remodeling index (RI) ≥1.1]; (2) low-attenuation
plaque, LAP (<30 HU); (3) napkin-ring sign, NRS
(description below); and (4) spotty calcifications, SCs
(<3mm) (34).
Different plaque combinations (soft,
intermediate, and calcified), different
stenosis (50% and 75%), different
lumen densities (low and high lumen),
positive remodeling and spotty
calcium (37).
Non-calcified plaques, including
fibrous and lipid-rich ones,
components segmented using
different thresholds: <51, 51–100,
101–150, 151–350, and >350 HU
intervals (26).
3D reconstruction Calcified and non-calcified plaques (32, 47, 51, 52). Calcified plaque, non-calcified
plaque, and mixed plaque, i.e., a
plaque containing calcified and
non-calcified components (53).
Mixed (51%), non-calcified (31%), and
calcified (18%) plaques (54).
729 non-calcified plaques, 511
calcified plaques, and 546 mixed
plaques (33).
The plaque area was stratified into
<60 HU (lipid-rich plaque) and >180
HU (calcified plaque) parts (29).
Soft lipid-rich plaques, mixed
plaques, calcified plaques (55).
Lipid, fibrous, and calcified
components as < 60 HU, 60–200
HU, and > 200 HU (31).
Lipid-rich, fibrotic, and calcified
plaques (28).
Non-calcified plaque, low-density
non-calcified plaque, and calcified
plaque (56).
Low-density non-calcified plaques
(different thresholds of attenuation
values used) and calcified
plaques (30).
calcification (43). In the histological analysis, the calcified (44),
fibrotic (or fibrous), and lipid (or lipid-rich) plaques (45)
can be easily differentiated by the image features (Table 1).
In general CT imaging, atherosclerotic plaques in coronary
arteries can be classified into three categories: calcified, non-
calcified, and partially calcified (or mixed) (50). Based on
the advanced analysis of CT images, the non-calcified plaques
could be further classified as lipid and fibrotic plaques (46),
as illustrated in Table 1, which has been applied in 2D plaque
extraction (26). Different classification methods of coronary
plaques have been summarized in Table 2. Considering the
difference between studies in the resolution of CT imaging,
the accurate separation between lipid-rich and fibrotic plaques
remains challenging (50). In clinical CT imaging, calcified and
fibrotic plaques are frequently observed in fully developed
stenoses since they reflect the late stages in the progression of
atherosclerosis. Whereas, lipid-rich plaques are less commonly
observed since they mainly represent the initial stage of
atherosclerosis, when the plaque could not cause severe stenosis
and hemodynamic effects.
In the 13 studies on 2D plaque extraction, 4 studies included
only calcified plaques (17, 23–25). Two studies were mainly
focused on non-calcified coronary plaques (36, 38). Seven papers
included both calcified and non-calcified coronary plaques,
which gives us an overview of the progression of atherosclerosis
in CAD patients (22, 26, 27, 34, 35, 37, 39).
Attenuation Values of Different Plaques
The attenuation value of calcification is much higher than that of
the surrounding tissues. Therefore, the differentiation of calcified
and non-calcified plaques on CT images could be achieved by
setting thresholds of attenuation (24). The threshold for calcified
plaques varies in different studies (see Table 3). An earlier study
in 2011 used the ranges of 30–70 HU for non-calcified plaques
Frontiers in Cardiovascular Medicine | www.frontiersin.org 6 February 2021 | Volume 8 | Article 597568
Liu et al. Cutting-Edge CT-based Coronary Plaque Analysis
TABLE 3 | Comparison of attenuation values used in selected studies.
Study Year Dimension of
reconstruction
Attenuation values (in HU units)
Calcified plaques Non-calcified plaques
Li et al. (36) 2019 2 N/A <60 for low-attenuation plaques
<200 for high-attenuation rim with an inner
hypo-attenuation area (<130)
Li et al. (17) 2018 2 1097–2910 N/A
Funama et al. (37) 2017 2 150 40 for soft plaques
80 for intermediate plaques




Messerli et al. (25) 2016 2 >130 N/A
Rodriguez-Granillo et al. (34) 2016 2 >130 <30 for low-attenuation plaques
Matsumoto et al. (30) 2019 3 >500 < 150 for non-calcified plaques
<30 and <45 for lipid-rich plaques
Kigka et al. (47) 2018 3 >400 <50
Wang et al. (31) 2017 3 >200 < 60 for lipid plaques
60–200 for fibrotic plaques
You et al. (28) 2016 3 ≥130 0–49 for lipid plaques
50–129 for fibrotic plaques
Puchner et al. (29) 2015 3 >180 <60
and >70 HU for calcified plaques (57). Another study in 2014
used the ranges of−10–69, 70–129, and>400HU to differentiate
lipid, fibrotic, and calcified plaques (58).
Attenuation scale has been used to differentiate non-calcified
coronary plaques (59). However, the differentiation of non-
calcified plaques is difficult due to the limited contrast between
the fibrotic and lipid tissues in attenuation value (Table 3).
Additionally, the attenuation values of a non-calcified plaque
and its neighboring tissues are not significantly different around
the boundary. Therefore, it is difficult to develop the fully
automatic methods to reconstruct the non-calcified plaques and
differentiate the components of non-calcified plaques.
For calcified plaques, Agatston CAC scoring is widely used as
an estimation of the total amount of calcium for the prediction of
adverse cardiovascular events in people with CAD. It is calculated
using high calcium area slice of the CT image, multiplied by
the maximal attenuation of the calcification in individual case
(60). The attenuation value qualitatively reflects the different
types (calcified and non-calcified) of plaques whereas the
Agatston score quantitatively represents the calcification in
coronary arteries.
Methods of Plaque Extraction and Reconstruction
The methods of 2D plaque extraction can be categorized as semi-
automatic and automatic. During extraction, manual interaction
is indispensable in semi-automatic methods but is infrequent
in automatic methods. The manual interactions include: setting
the boundaries of areas for analysis such as the start and end
points of arterial segments and plaques, adjusting the automatic
segmentation and extraction results to revise the geometric
errors, and using the manual extraction results to train or
validate new algorithms. Other manual interactions include
setting parameters in image processing and selecting CT images
for analysis. The details are listed in Table 4.
Messerli et al. proposed a semi-automatic method to evaluate
CAC on software (syngo.via CT CaScoring, Siemens Healthcare)
(25). Firstly, coronary lesions with attenuation >130 HU were
automatically color-coded. Then the calcified coronary structures
were manually selected. Finally, the software automatically
calculated the Agatston score, CAC volume (mm3), and CAC
mass (mg/cm3). Similarly, Szilveszter et al. (23) used software
to identify the coronary artery plaques with area ≥1 mm2 and
density >130 HU. Coronary plaques were selected manually to
enable the semi-automatic software to calculate CAC scores.
The manual segmentation by tracing the proximal and
distal plaque boundaries (26), and the visual examination
and manual adjustment (24) were common in semi-automatic
methods. Øvrehus et al. used manual interactions in imaging
reconstruction and plaque segmentation (22). In multiplanar
reformats of CTA images, a circular region of interest was placed
in the aorta to define the “normal reference bloodpool.” The
proximal and distal boundaries of each lesion were identified
and marked by the reader. The software then automatically
tracked the centerline of the coronary artery and quantitatively
analyzed the plaques. Rossi et al. proposed a semi-automatic
method to compare the visual and quantitative evaluations of
plaques in CTCA images, in which various manual interactions
were involved (35). Firstly, the CTCA data sets were evaluated
visually, and the coronary lesion was graded as non-obstructive
(<50% lumen narrowing), moderate (50% ≤ lumen narrowing
<70%), and severe (≥70% lumen narrowing). Afterwards,
the proximal and distal endpoints of coronary vessels with
lumen diameter reduction ≥30% were manually marked. The
lumen and vessel borders were generated automatically and
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TABLE 4 | Manual manipulations in automatic and semi-automatic methods of plaque extraction.














Semi-automatic Messerli et al. (25)
√
Rossi et al. (35)
√ √ √
Precht et al. (27)
√ √
Øvrehus et al. (22)
√




discretion of the observer.
Szilveszter et al. (23)
√
Chen et al. (26)
√
Braber et al. (24)
√
Automatic Li et al. (17)
√
Optimal cardiac phase
with the least motion
artifact was selected
manually by the operator.
Li et al. (36)
√
Funama et al. (37) (not
explicitly pointed out as
automatic)
√
Kashani et al. (38) (not
explicitly pointed out as
automatic)
√







Semi-automatic Kigka et al. (47)
√






Sakellarios et al. (52)
√
Gaur et al. (56)
√
Puchner et al. (29)
√
Wang et al. (31)
√
You et al. (28)
√
Sun et al. (61)
√




Wei et al. (63)
√ √ √
Automatic Jawaid et al. (64)
√
Ghanem et al. (55)
√
Károlyi et al. (32)
√





Zreik et al. (53)
√ √
Kang et al. (51)
√ √
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adjusted by an experienced observer. The quantitative analysis
of plaques was automatically completed by software. Precht
et al. adopted similar semi-automatic method to estimate plaque
volume in low-dose CCTA (27). The centerlines of the coronary
arteries were automatically extracted and manually corrected
when needed. The extracted arteries were manually partitioned
according to the AHA 17-segment model. For each artery, the
contours of lumen and outer vessel wall were automatically
detected and manually fine-tuned by two independent observers
with more than 7 years of experience. The manual fine-tuning of
the automatic contour detection only showed a 0–7.3% deviation
which did not significantly influence the final results. Puchner
et al.’s compared the automatic and semi-automatic methods in
generating vessel wall boundaries (39). The boundaries of vessel
wall (inner, outer, or both) were manually corrected.
The manual segmentation results play an important role
in the validation of automatic algorithms. Li et al. developed
an automatic algorithm for CT image processing (36). For
validation, two experienced radiologists independently identified
plaque characteristics on the images reconstructed with different
algorithms. Similarly, Funama et al. used the consensus of two
CT image reviewers in plaque evaluation to compare different
image processing algorithms (37). The reconstructed CT images
were manually classified into four levels of quality, in vessel
and plaque areas, respectively. Li et al. proposed an automatic
de-blooming algorithm (17). Coronary computed tomography
angiography images of phantoms were manually selected by
the operator to find the images at the optimal cardiac phase
with the least motion artifact. For in vivo CCTA images, an
experienced reader independently reviewed all data sets, noted
coronary calcification, and measured the volume of calcified
plaques, coronary diameter stenosis (%), as well as the coronary
area stenosis (%) on software as the reference for validation.
Kashani et al. optimized the parameters of CCTA by comparing
the quality of images derived by different parameter values (38).
The contrast-to-noise ratio (CNR) was measured manually by
prescribing a 0.018–0.021 cm2 region of interest in the center of
the plaque and pericoronary fat in 8 different locations.
For 2D plaque extraction, there are more semi-automatic
methods than automatic methods. Automatic methods are
efficient and convenient for the large-scale extraction of coronary
arteries and plaques from the CT images. However, the plaque
size is often over- or underestimated when using automatic
software. Hence, the manual interactions including editing and
analysis are useful to improve the accuracy of 2D plaque
extraction (22).
Technical Innovations
Filtered back projection (FBP) is a traditional type of algorithm
that can indicate an attenuation value to each pixel (65) on
CTA images. Filtered back projection reconstruction assumes
that each pixel accurately indicates the attenuation. In 2D
coronary plaque reconstruction, FBP is widely used to derive the
reference values for the validation of new algorithms. Iterative
reconstruction (IR) algorithms have the potential to improve the
quality of CT image by reducing image noises and blooming
artifacts when comparedwith FBP. IR algorithms are themajority
of new algorithms in 2D coronary plaque reconstruction. In
the following paragraphs, the algorithmic innovations will be
summarized in terms of the improvement of accuracy in
extracting different types of plaques.
Calcified Plaques
Calcified plaques are easy to extract from CT images due to
their high attenuation values. Nevertheless, the brightness of a
calcified plaque could affect its neighboring pixels by increasing
their attenuation values. Consequently, the overestimation of the
calcification size is common. Li et al. developed a de-blooming
algorithm and applied it on CCTA images of 31 patients
(17). They found that the de-blooming algorithm reduced the
calcification volume and the stenosis in diameter by 48.1± 10.3%
52.4± 24.2%, respectively. However, the details of this algorithm
were not disclosed (17).
Szilveszter et al. investigated the impact of iterative model
reconstruction (IMR) on coronary artery calcium quantification
as compared with the standard FBP and hybrid iterative
reconstruction (HIR) algorithms (23). CT images of 63
individuals were reconstructed with FBP, HIR, and IMR. HIR and
IMR resulted in lower CAC scores as compared with FBP (both
p < 0.001). There was no difference between HIR and IMR (p
= 0.855). The authors concluded that the utilization of IMR for
CAC scoring can reduce the measured calcium quantity (23).
Braber et al. investigated the quantification of calcification
in low-dose CCTA images using IR (24). Coronary artery
calcium was quantified with Agatston scores on the CCS images
using a semi-automatic software package (HeartBeat-CS; Philips
Healthcare, Best, the Netherlands). For Agatston scoring, CAC
was defined as regions with ≥130 HU within coronary arteries.
All regions with density higher than 130 HU were automatically
indicated by the software package. Calcification volumes were
derived with a semi-automatic software package (QAngio CT v2;
Medis Medical Imaging Systems, Leiden, the Netherlands) (24).
However, it was also suggested that IR could underestimate
the calcification. Messerli et al. evaluated the influence of
advanced modeled iterative reconstruction (ADMIRE) on the
coronary artery calcium (CAC) scores, with FBP algorithm as
the reference (25). CT images of 60 patients were reconstructed
with FBP and ADMIRE at incremental strength levels of 1, 2,
3, 4, and 5, resulting in a total of 6 datasets. In four patients
with low calcium burden, the use of ADMIRE 2 or higher
resulted in the disappearance of calcium that was detectable using
FBP. The authors concluded that ADMIRE causes a substantial
reduction of the CAC scores measured by cardiac CT, which
leads to an underestimation of cardiovascular risk scores in some
patients (25).
Non-calcified Plaques
As to non-calcified plaques, the contrast in grayscale values
between plaques, arterial walls, and surrounding tissues is
low in CT images. The attenuation values or CAC/Agatston
scales could not reflect the exact geometry of non-calcified
plaques. To accurately separate the non-calcified plaques
from the surrounding tissues, the morphological properties of
non-calcified plaques need to be considered. Therefore, new
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algorithms based on IR (23) have been proposed to improve
the quality of CT image in order to find the morphological and
geometrical properties of the boundary between non-calcified
plaques and surrounding tissues (17).
Li et al. assessed the effects of IMR algorithm on image
quality in demonstrating the characteristics of high-risk non-
calcified plaques in coronary arteries, in comparison with the
HIR algorithm (36). The 256-slice CT images were derived from
66 patients with 77 non-calcified plaques. Paired CT image sets
were reconstructed by HIR and IMR, respectively, on which
plaque characteristics were compared. The signal-to-noise ratio
(SNR) and CNR of the images, as well as the CNR between the
plaque and adjacent adipose tissue, were also compared between
the two reformatted methods. The napkin-ring sign appeared in
40 and 19 plaques reconstructed with IMR and HIR, respectively,
which are significantly different (p < 0.001). Compared with
HIR, IMR derived lower image noise (10 ± 2 HU vs. 12 ± 2
HU; p < 0.01), higher SNR and CNR, and especially higher
CNR between plaques and surrounding adipose tissues (p <
0.01). The authors concluded that IMR can significantly improve
image quality compared with HIR for the demonstration of
atherosclerotic plaques in coronary arteries (36).
Furthermore, Chen at al. applied IR algorithm in the
assessment of plaque vulnerability (26). They compared coronary
plaque volume and low attenuation (lipid-rich) component
derived by IR and FBP, respectively, from CTA images of 53
patients. Coronary plaques were identified by a board-certified
radiologist (14 years of experience in cardiac CT). Then post-
processing was performed by a research assistant trained in
plaque volumetric analysis. The analysis was done in multiplanar
reformat (MPR) using a semi-automated software (Aquarius
iNtuition 4.4.6, TeraRecon Inc., Foster City, CA, USA). Proximal
and distal plaque boundaries were traced manually. Total plaque
volume was then obtained automatically. Plaque composition
was assessed using attenuation (HU) intervals. It was found that
IR significantly decreased the noise and increased SNR and CNR
compared with FBP. Plaque characterization was performed in
41 patients for a total of 125 plaques. Regarding the total plaque
volume and the low attenuation plaque component, there was
no statistically significant difference between all IR levels and
FBP. The authors concluded that no significant impact on plaque
vulnerability assessment should be expected when using IR vs.
FBP for plaque reconstruction from CTA images (26).
Different Plaques
Puchner et al. applied IR algorithm in semi-automated extraction
of different plaques (fibrous, fatty, or fibrofatty, and the
presence of calcification) (39). Coronary computed tomography
angiography and IVUS images of seven coronary arteries were
acquired ex vivo. Images of 173 cross-sections of coronary arteries
were coregistered between CCTA and IVUS in 1-mm increments.
Coronary computed tomography angiography images were
reconstructed using FBP with adaptive statistical (ASIR), and
model-based (MBIR) iterative reconstruction algorithms. Fully
automated (without manual corrections) and semi-automated
(allowing manual corrections of vessel wall boundaries) plaque
burden assessments were performed for each reconstruction
algorithm. Agreement between CCTA results and IVUS was
evaluated with Pearson correlation. It was found that manual
correction of the semi-automated assessments improved plaque
burden correlation with the IVUS assessment independently
of reconstruction algorithm (p < 0.0001). Furthermore, MBIR
was superior to FBP and ASIR in semi-automated and fully
automated plaque extraction (all p < 0.001). It was concluded
that MBIR with semi-automated assessment could improve the
accuracy of plaque burden assessment in CCTA images (39).
Overall Plaque Burden
Precht et al. compared ASIR and MBIR reconstruction
algorithms on quantitative measurements of plaque volumes
and intensities in coronary arteries (27). Dose-reduced CCTA
were derived from 3 patients and reconstructed with 30% ASIR
(CTDIvol at 6.7 mGy), 60% ASIR (CTDIvol 4.3 mGy) and
MBIR (CTDIvol at 1.9 mGy). Quantitative coronary plaque
analysis was performed. Centerlines of the coronary arteries were
automatically extracted and manually corrected. The extracted
vessels were manually partitioned according to the AHA 17-
segment model. The contours of lumen and outer vessel wall
were automatically detected andmanually fine-tuned. The plaque
burden was calculated as the ratio between total plaque volume
and total vessel volume. It was found that plaque volume and
plaque burden show a decreasing tendency from ASIR to MBIR.
The lumen and vessel volume decrease slightly from 30% ASIR
to 60% ASIR. The intensities did not change overall between the
ASIR and MBIR reconstructions for either lumen or plaque (27).
Funama et al. investigated the effect of contrast enhancement
on the stabilities of plaque attenuation, using FBP and IR
algorithms in imaging reconstruction (37). 320-detector volume
scanning was performed on phantoms of vessel tubes with
stenosis and a tube without stenosis using three types of plaque
attenuation values. CTA images were reconstructed with FBP
and two types of IR [AIDR3D and FIRST (forward-projected
model-based iterative reconstruction solution)], with stenotic
attenuation value of ∼40, 80, and 150 HU, respectively. In each
case, the tubing of the coronary vessel was filled with diluted
contrast material and distilled water to reach the target lumen
attenuation values of ∼350, 450, and 0 HU, respectively. It was
found that at 50% stenosis, the plaque attenuation value with
contrast enhancement increased for FBP and AIDR3D, and the
difference in the plaque attenuation value with and without
contrast enhancement was 15–44 HU for FBP and 10–31 HU
for AIDR3D. However, the plaque attenuation value for FIRST
had a smaller variation and the difference with and without
contrast enhancement was −12–8 HU. The validation study was
performed on CT images of 10 patients where FIRST derived
the highest CNR in vessels and plaques. The authors concluded
that the FIRST method improves the visualization of coronary
plaques in coronary CT angiography (37).
Geometric Parameters in Measurement
In 2D reconstruction, some geometric parameters could be
directly measured from the 2D images, including cross-sectional
area, lesion length, minimal area diameter, and mean vessel size
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for the affected blood vessels (39). These parameters reflect the
size of plaques and affected arterial segments.
The extent of coronary plaque could also be quantitatively
evaluated by plaque burden, which is defined as the percentage
of plaque in cross-section area: PB = (ACN-ACS)/ACS, where
PB denotes plaque burden while ACN and ACS denote the
cross-section areas in normal and stenotic arterial segments,
respectively (39, 66).
Intra- and Inter-Observer Repeatability
Intra-observer and inter-observer repeatability reflect the
consistency between repeated measurements performed by one
observer and different observers, respectively. The expertise in
coronary CT imaging and diagnosis can improve the intra- and
inter-observer repeatability (67). Acquiring expertise in CTA
interpretation may take more than a year. It has been reported
that, for coronary CT imaging, the intra- and inter-observer
repeatability on plaque volume estimation depends on the size
of plaque (68). Furthermore, the repeatability results indicated
that the percentage of plaque composition is more reliable than
plaque volume (69). Therefore, the estimation of intra- and
inter-observer repeatability is important to validate the reliability
of plaque extraction methods.
In the 13 studies on 2D plaque extraction, the intra-observer
repeatability was evaluated in five studies (22–24, 26, 38). Inter-
observer repeatability was evaluated in 7 studies, (17, 22, 23,
26, 27, 36, 37). Six studies reported that the measurements
were repeated by at least one expert with more than 5 years of
experience (17, 26, 27, 36, 37). Comparatively, the experience of
expert was between 1 and 5 years in other two studies (22, 23).
Reference of Accuracy
To evaluate the accuracy of plaque extraction algorithms, the
reconstructed coronary plaques from 2D CT images were often
compared with the results derived from invasive coronary
angiography (ICA) (35), IVUS (39), or pre-defined geometric
parameters in phantoms (38). Compared with CT imaging, the
ICA and IVUS are more accurate in reflecting the geometric
details of lumen, therefore have been widely used as the reference
in related studies (70, 71).
3D Methods of Coronary Plaque Extraction
From CT Images
Classification of Data
We found 17 papers focused on the 3D methods of coronary
plaques extraction and reconstruction, including 16 original
studies (28–33, 47, 51–56, 61, 62, 64), and a review paper (72).
The same method was adopted in Athanasiou et al. (73) and
Sakellarios et al. (52). The imaging data used in 3D plaque
extraction include phantom, ex vivo, in vitro, and in vivo data.
A study used 17 plaque phantoms in three different types of
attenuation, to investigate the reliability of low radiation dose
CT imaging in representing the 3D geometry of plaques. By
using phantoms, the accuracy of plaque extraction could be
quantitatively evaluated in volume (31).
In 3D plaque extraction, ex vivo imaging data enable the
researchers to perform accurate 3D geometric measurements
(29). The results of plaque extraction could be compared with
the histopathological measurement as the ground truth (29).
Nevertheless, the lumen of an ex vivo artery is hollow whereas
the lumen of the corresponding in vivo artery is filled with blood
which has cyclic changes in pressure, velocity, and wall shear
stress. Consequently, considering the effects of cyclic fluctuations
of blood flow on the deformation and mechanical properties
of arterial walls, the geometry of ex vivo arteries could be
different from in vivo ones, which is a major limitation of ex vivo
data (74).
In vitro data, here defined as the imaging data derived
from patient-specific models of coronary arteries, could provide
patient-specific geometry parameters of plaques and affected
arteries. Compared with in vivo and ex vivo data, in vitro
data could accurately reflect the geometry of arteries without
motion artifact. Sun et al. used in vitro data of calcified plaques
with different severities from three subjects to investigate the
effect of slice thickness and beam energy on the accuracy of
synchrotron radiation CT imaging. The in vitro arterial models
were generated from the original high-resolution CCTA images
using 3D printing technique. The plaques reconstructed from
the synchrotron radiation CT images of the in vitro models
were compared with those reconstructed from the origin CCTA
images (61). Using in vitro data, the accuracy of plaque extraction
could be quantitatively evaluated in anatomical details of patient-
specific geometry. However, the high-resolution images for
in vitro model reconstruction, the materials and devices for
3D printing, as well as the multiple imaging operations for
comparison, limited the further application of in vitro data in
clinical diagnosis.
In vivo data were used in the majority (14 out of
17) of the original studies on 3D plaque extraction (28,
30, 32, 33, 47, 51–56, 62, 64) and was mentioned in the
review paper [(63) in (72)]. With 3D reconstruction, the
diversity in the geometry and composition of plaques could
be fully disclosed and represented not only on cross-sections
but also in the longitudinal direction along the vessel, as
well as in volume. Therefore, in vivo data play a key
role in investigating the 3D geometry and composition of
coronary plaques.
Inclusion Criteria on Arterial Segments and Plaques
The inclusion criteria in 3D plaque extraction studies are more
diverse compared with 2D studies. In 3D reconstruction, the
geometric details in different dimensions and the combination
with plaque composition generated more detailed inclusion
criteria for arterial segments and plaques compared with
2D reconstruction.
For arterial segments, the diameter (28) [as summarized
in (72)] and length of segment (56, 64) were widely used as
in 2D reconstruction studies. In a study on the prediction of
all-cause mortality in CAD patients based on CCTA images
(55), 16 arterial segments were extracted and 3D reconstructed
according to a 16-segment model of coronary arterial tree (75).
In another study, to investigate the difference between proximal
and distal segments of the main coronary arteries [anterior
descending artery (LAD), left circumflex artery (LCX), right
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TABLE 5 | Characters of data in the studies of 3D coronary plaque analysis.




Number of stenosis or sections Standards of inclusion or exclusion of artery
segment (length of diameter)
Gaur et al. (56) 2016 in vivo 254 484 vessels Coronary segments ≥2mm with plaque were
analyzed. Spotty calcification was visually identified
as calcifications comprising <90◦ of the vessel
circumference and <3mm in length
Jawaid et al. (64) 2018 in-vivo 8 13 non-calcified segments Maximum arterial segment length of 6mm used for
segmentation
Sakellarios et al. (52)
Athanasiou et al. (73)
2016 in-vivo 20 20 N/A
You et al. (28) 2016 in-vivo 87 N/A diameter >2.0 mm
Ghanem et al. (55) 2019 in-vivo 41 122 plaques 16 arterial segments in each case, according to a
modified coronary arterial tree model (75).




2018 in-vivo 83 120 soft plaques Radius <3mm to ensure that whole arterial
cross-section is covered since 2.5mm is the
maximum radius of coronary arteries
Athanasiou et al. (62) 2016 in-vivo 10 8 calcified plaques deposits N/A
Park et al. (54) 2015 in-vivo 142 150 coronary artery segments 11 segments excluded due to the insufficient IVUS
or CT image quality (seven segments) caused by
severe calcification or motion artifacts
Kigka et al. (47) 2018 in-vivo 12 12 arteries N/A
Károlyi et al. (32) 2017 in-vivo 52 468 segments, with 41 calcified or partially
calcified plaques identified
proximal and distal coronary segments, with middle
coronary segments and side branches excluded
Zhao et al. (33) 2019 in-vivo 48 1,786 cross-sections: 729 non-calcified





2019 in-vivo 77 118 plaques without extensive calcifications 4 plaques excluded due to extensive echo
attenuation on IVUS
Wang et al. (31) 2018 In-vitro N/A 17 N/A
Puchner et al. (29) 2015 ex-vivo 3 26 and 67 cross-sections of lipid-core and
calcified plaques
Lipid-core plaque was included and defined as any
fibroatheroma with a lipid core >60◦ in
circumferential extent, with a core width of
>200µm and a cap thickness of <450 µm
Sun et al. (61) 2018 In-vitro 3 3 N/A
Kang et al. (51) 2015 In-vivo 42 252 segments of 126 arteries in total, 45
lesions with stenosis ≥25%
N/A
Zreik et al. (53) 2019 In-vivo 163 1,259 segments of 534 arteries, 37
non-calcified, 161 mixed and 317 calcified
plaques
N/A
coronary artery (RCA)], the middle segments and side branches
were excluded (32). In some studies, arterial segments especially
distal branches were excluded due to low quality of images
(30, 54).
Regarding the coronary plaques, the severity of included
stenoses ranged from 25% to more than 90% (47, 51). More
detailed inclusion criteria have been proposed based on
the analysis of plaque geometry in different dimensions.
Gaur et al. investigated the difference between calcified
and non-calcified plaques in FFR, where the criterion
of spotty calcification was defined as visually identified
calcifications comprising <90◦ of the vessel circumference
and <3mm in length (56). Similarly, in another study
which investigated the accuracy of 3D reconstruction of
lipid-core plaques, a lipid-core plaque was defined as any
fibroatheroma with a lipid core >60◦ in circumferential extent,
with a core width of >200µm and a cap thickness of <450
µm (29).
Numbers of Human Subjects and Arterial Segments
The number of human subjects covers a wide range (3–254)
in different studies on 3D reconstruction of coronary plaques.
Firstly, only three human subjects were included in the two
pilot studies using exclusively ex vivo and in vitro data (29, 61).
In contrast, the studies using in vivo data included at least 8
human subjects (Table 5). Secondly, regarding the studies using
in vivo data, those included <30 human subjects were focused
on algorithmic development with limited validation (52, 64) or
initial validation (47, 62, 73). In contrast, the studies including
more than 80 subjects were aimed for the full validation of
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existing algorithm (63), the pathological indication of results
(28), and clinical applications (54, 56).
In many large-scale studies, the inclusion (or exclusion)
criteria and information of subjects are provided in details. To
investigate the effects of plaque properties (severity, volume,
length, etc.) on the occurrence of myocardial ischemia, a
clinical study included 484 coronary arteries extracted from 254
participants. The plaques were categorized according to their
severity: 0, 1–29, 30–50, 51–70, 71–90, 91–99, or 100% (56).
For machine learning algorithms, it is significant to generate
a large-scale dataset for training and validation. Kang et al.
investigated the differentiation between obstructive and non-
obstructive plaques using machine learning, where CTA data
were collected from 42 patients in which 45 stenotic coronary
lesions with ≥25% luminal stenosis were extracted from 21
patients (51). Zreik et al. used deep learning to classify coronary
plaques (no plaque, non-calcified, mixed, and calcified), where
CCTA data of 98 and 65 patients were used for the training
and validation of algorithm, respectively. In total, 1,259 arterial
segments were extracted from 534 arteries (53). In large-
scale studies, the diversity and individual difference in plaque
geometry could be comprehensively investigated. However, the
data collection for large-scale studies could be time-consuming
and expensive.
In the studies on 3D plaque extraction, similar as in
2D studies, the numbers of arterial segments and plaques
are generally more than the number of subjects. In some
studies, the analysis of plaques is based on the cross-sections,
where the number of cross-sections is much higher than
that of subjects (29, 32, 33). In a recent study, 1,786 cross-
sections were extracted from a CTA dataset of 48 patients
to generate enough data for the 10-fold cross-validation of
the proposed algorithm (33). The extraction of cross-sections
could enlarge the dataset for analysis. Nevertheless, only 2D
geometry is represented on cross-sections. Plaque-based analysis
is needed to comprehensively evaluate the accuracy of 3D
plaque extraction.
Classification of Coronary Plaques
The 3D structure of calcified, fibrotic (48), and lipid (49) plaques
could be reconstructed from CT images. There are 2 studies
which exclusively included non-calcified plaques (64, 72). Two
studies were focused on the manual extraction of calcified
plaques (61, 62). In these studies, the calcified or non-calcified
plaques were not further classified. In the majority of studies
on 3D plaque extraction (13 out of 17), both calcified and
non-calcified coronary plaques were included (28–33, 47, 51–
56). In these studies, we observed diverse standards in the
classification of non-calcified plaques, as shown in Table 2. The
plaques could be classified according to the main component
as soft lipid-rich plaques, mixed plaques, and calcified plaques
(55), or non-calcified plaques, low-density non-calcified plaques,
and calcified plaques (56). The volume of extracted component
heavily depends on the threshold of attenuation value applied in
the study (30).
Attenuation Values of Different Plaques
As shown in Table 3, in 3D plaque extraction, 130 HU was used
as the lower threshold of calcified plaques (28) similar as in 2D
studies, while higher attenuation values such as 400 HU (47)
and 500 HU (30) were also observed. For non-calcified plaques,
the 3D reconstruction studies provided more details on the
separation between lipid-rich and fibrous plaques. Matsumoto
et al. used different thresholds attenuation (30 and 45 HU) to
extract low-density non-calcified plaques (30), and concluded
that the upper threshold of 45 HU improved the accuracy of
lipid-rich plaque assessment from CTA.
Methods of Plaque Extraction and Reconstruction
As in 2D studies, the studies on 3D coronary plaque extraction
could be classified as automatic and semi-automatic ones.
Manual interactions are common in semi-automatic methods.
Additionally, in 3D coronary plaque extraction, there is manual
co-registration of IVUS and CTA images (30, 62) which has been
applied in detecting vulnerable plaques (76). The details are listed
in Table 4.
The boundaries of interested areas can be manually set for 3D
analysis. For example, in Gaur et al.’s study, plaque components
were quantified within the manually designated area using
adaptive algorithms (56).
Manual adjustment of the segmentation and extraction results
is common in 3D semi-automatic plaque extraction (29). In
Puchner et al.’s study, the vessel wall boundaries obtained by
the automated software were reviewed and manually adjusted
by an experienced (>5 years of experience in the field of
cardiovascular imaging) cardiovascular radiologist. Similarly,
in Wang et al.’s study (31), the software automatically traced
the plaque boundaries and determined the luminal area, then
manual adjustment of the vessel center line and boundaries
was performed. In You et al.’s study (28), the plaques were
automatically color-coded and manually adjusted. The volume of
each plaque component was then automatically measured. In Sun
et al.’s study (61), manual editing and image filtering were applied
to remove the unwanted structures and smooth the surface of
coronary artery lumen.
Manual segmentation results have been widely used in
training and validating 3D plaque extraction algorithms.
In Sakellarios et al.’s study (52), the initial parameters of
their classification mode were set by the median value of
the attenuation value of the artery. Manual Expectation-
Maximization algorithm based adaption was applied in order
to best fit the model to artery’s attenuation histogram. In Kigka
et al.’s study (47), the result derived by the proposed algorithm
was compared with the expert’s manual annotation of artery and
calcified plaques.
In some studies, multiple manual interactions were used in
the semi-automatic 3D reconstruction of coronary plaques. In
Wei et al.’s study, after the manual segmentation of arteries, the
locations of plaques were manually marked for the training and
validation of the algorithm (63). In Athanasiou et al.’s study,
the CT and IVUS images were manually co-registered, with the
results of manual plaque extraction as the reference for algorithm
training (62). InMatsumoto et al.’s study (30), the vessel (external
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elastic membrane) and lumen contours on IVUS images were
manually delineated every 1mm to calculate plaque volume.
Plaque co-registration between CTA and IVUS was performed
manually by another investigator, who was not involved in the
processing of CTA images. The proximal and distal reference
limits of the plaque were matched to IVUS using anatomical
landmarks, such as the distance from the aorto-coronary ostium,
target lesions, side branches, or calcifications.
In automatic 3D plaque extraction, manual segmentation of
the region of interest and marking of the proximal and distal
endpoints of plaques (32, 33) have been applied, while themanual
segmentation results for algorithm training and validation are
more commonly observed (33, 51, 53, 55, 64). Especially, the
Rotterdam database provided experts’ manual annotations of
plaques as the ground truth. The motive behind using Rotterdam
data is the availability of the manual ground truth in terms of
expert annotations i.e., segment- wise status (normal/abnormal)
and the precise position of non-calcified plaque for the abnormal
coronary segments. Therefore, it provides a reliable source of
reference data for the development of new plaque extraction
algorithms (33, 64).
Manual extraction is important for automatic methods based
on machine learning. In Zreik et al.’s study (53), plaque type and
anatomical significance of the stenosis were manually annotated
by an expert using custom-built software following the guidelines
of the Society of Cardiovascular Computed Tomography (SCCT)
for reporting CAD. Kang et al. used the consensus of three
experts’ visual assessment as the reference datasets for the 10-fold
cross-validation of a structured learning technique to detect all
coronary arterial lesions with stenosis ≥25% (51).
Park et al. developed an automatic 3D plaque quantification
algorithm and compared the results derived by automatic and
semi-automatic methods (54). The results of the automatic
algorithm were also compared with the IVUS results for
validation. In the semi-automatic method, the boundaries of
inner lumen and outer vessel wall were manually edited
when needed. Both experts and non-experts participated in
the manual segmentation of plaques. While both expert and
non-expert groups used automatic centerline extraction, the
experts edited the inner lumen and the outer vessel wall
contours manually, whereas, the non-expert readers used the
longitudinal contours for manual manipulation with minimal
cross-sectional editing. Lastly, the analysis was performed
on the same segments using the fully automatic contour
detection algorithm without manual editing. The automatic and
semi-automatic methods derived comparable results in plaque
quantification analysis.
Technical Innovations
For data processing and analysis, most of the 3D reconstruction
used specific algorithms whose names are disclosed while 2
studies used the algorithms embedded in the software (28, 54).
Park et al. used QAngio CT Research Edition (v2.02; Medis
medical imaging systems bv, Leiden, The Netherlands) for the
semi-automatic and automatic quantitative CT analysis (54).
The 3D reconstruction started with an automatic centerline
extraction. Based on these centerlines, straightened multiplanar
reformatted (MPR) volumes were reconstructed for the
segmentation and quantification. Longitudinal inner lumen
and outer vessel wall contours were detected by an automatic
algorithm and were segmented automatically in the transversal
images. The extracted geometry was then reviewed by experts,
and manually edited if necessary (54).
You et al. combined different novel algorithms embedded
in software in 3D plaque reconstruction (28). The 15-
segment coronary arterial model proposed by AHA was
adopted to select the arteries with diameter >2.0mm for
further analysis, with blurred segments excluded. Maximum
intensity projection, volume rendering, multiplanar reformation,
and curved multiplanar reformation results were routinely
constructed using the algorithms embedded on a commercial
workstation (EBW, Philips Medical Systems). If an abnormal
segment was identified, that coronary artery was evaluated on
an Aquarius workstation (TeraRecon, San Mateo, CA) where
non-calcified plaques were divided into lipid-rich (0–49 HU)
and fibrous (50–129 HU) plaques. The lesions on the baseline
and follow-up images were matched using adjacent anatomical
landmarks. The CAC Agatston calcium scores were calculated
using semi-automated software (EBW; Philips Medical Systems,
Best, The Netherlands), which identified the areas of at least
0.5 mm2 and a density ≥130 HU on CT images as calcification
(28). The authors concluded that the application of different
embedded algorithms could get the analysis results in a relatively
short period for clinical use.
FBP is the current standard CT image reconstruction
technique (30), therefore, it is widely used as the reference for
the validation of 3D (29, 32) and 2D (39) plaque reconstruction
algorithms. Nevertheless, FBP is sensitive to the large variations
in attenuation value between pixels caused by noises, with the
quality of reconstructed plaques affected (77).
Compared with FBP, IR algorithms are more robust in the
existence of noises. Hybrid IR could reduce the noise or artifacts
in CT images (32) and improve the quality of low-dose chest
CT images compared with FBP (77). Especially, Model-Based IR
(MBIR) uses optic parameters of the CT scanner to improve the
imaging quality, and has been applied in the reconstruction of
medical images in low radiation dose (31, 78). As in 2D studies,
the IR algorithms consist the majority of new algorithms in 3D
reconstruction of coronary plaques.
Takahashi et al. compared ASIR, MBIR, and FBP algorithms
in extracting calcified and non-calcified plaques from the CCTA
images of 352 patients (29). They found that image noise,
Agatston score, and calcium volume decreased significantly with
ASIR compared to FBP (each p < 0.001) (79). MBIR had
higher accuracy in detecting lipid-core plaques on CCTA images
compared with FBP and ASIR (p= 0.01, in 173 cases).
In Károlyi et al.’s study (32), compared with FBP and HIR,
IMR derived the highest CNR (p < 0.01), and the lowest overall
plaque volumes as well as calcified (>130 HU) volumes (p< 0.05
for all). For non-calcified plaques, compared with FBP and HIR,
IMR derived lower high-attenuation non-calcified volumes (90–
129 HU) (p < 0.05 for both), but similar intermediate- (30–89
HU) and low-attenuation (<30 HU) non-calcified volumes (p >
0.05 for all).
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Different 3D reconstruction algorithms could lead to different
hemodynamic parameter estimations. The computational fluid
dynamics (CFD) simulation on 3D-reconstructed coronary
artery models showed that the FFR values derived from the
3D coronary artery models reconstructed by FBP and iterative
reconstruction in image space (IRIS) are different but linearly
related [r = 0.74, 0.76, and 0.70 in left main coronary artery
(LMCA), LAD, and RCA] (80).
In 3D plaque extraction, some automatic methods have been
proposed based on machine learning or deep learning algorithms
including convolutional neural network (CNN), Support Vector
Machine (SVM), and Gaussian Mixture Model (GMM).
CNN is the commonest architecture in cardiovascular image
analysis (81). Zreik et al. investigated the automatic detection
and classification of plaques using a multi-task recurrent
convolutional neural network (RCNN) (53). Centerlines of the
coronary arteries were extracted from CCTA images of 163
patients to reconstruct MPR images. The type (no plaque,
non-calcified, mixed, calcified) and anatomical significance (no
stenosis, non-significant, i.e., <50% luminal narrowing, and
significant, i.e., ≥50% luminal narrowing) of plaques in the
coronary arteries were manually annotated in the MPR images
as the reference. To perform an automatic analysis, a multi-task
RCNNwas applied on theMPR images of coronary arteries using
cubes of 25× 25× 25 voxels. The network was trained and tested
using the CCTA images of 98 and 65 patients, respectively. In
detecting the plaque type and anatomic significance, the method
achieved the accuracy of 0.77 and 0.80, respectively. Authors
concluded that CNN algorithm could be applied in the automatic
detection and classification of coronary artery plaques, which
could benefit the automated triage of CAD patients (53).
SVMs are supervised machine learning techniques. An SVM
achieves the classification by constructing a multidimensional
hyperplane that optimally discriminates between two classes,
by maximizing the margin between two data clusters. Support
Vector Machine has been widely used in the reconstruction
of different organs from CT images (82). Zhao et al. proposed
an automatic multi-class coronary atherosclerosis plaque
detection and classification framework based on SVM. Firstly,
the transverse cross-sections were retrieved along centerlines
in CCTA images, with the region of interest extracted by
coarse segmentation. Secondly, a random radius symmetry
(RRS) feature vector was extracted, which incorporated
multiple descriptions into a random strategy and greatly
augmented the training data. Finally, the RRS feature vector
was fed into the multi-class coronary plaque classifier. The
proposed SVM-based algorithm outperformed intensity feature
vector and the random forest classifier on the Rotterdam
Coronary Datasets which includes 729 non-calcified plaques,
511 calcified plaques, and 546 mixed plaques (average precision:
92.6%) (33).
Kang et al. developed a robust automated algorithm of plaque
detection based on SVM (51). All coronary arterial lesions with
stenosis ≥25% were detected by a structured learning technique.
The plaque detection algorithm consists of two stages: (1) two
independent base decisions indicating the existence of lesions in
each arterial segment based on SVM and formula-based analytic
method and (2) the final decision made by combining the base
decisions. The SVM algorithm extracted the geometric and shape
features from small volume patches of arterial lesions. On 42 CTA
patient datasets where 21 datasets had 45 lesions with stenosis
≥25%, the proposed method achieved high sensitivity (93%),
specificity (95%), and accuracy (94%), with consensus reading
of lesions with stenosis ≥25% by three expert readers as the
reference. Authors concluded that their SVM-based algorithm
was promising for automated detection of obstructive and non-
obstructive lesions from CTA images (51).
A GMM is a probabilistic model based on a Gaussian
distribution for expressing the presence of sub-populations/sub-
classes within an overall population/class without requiring the
identification of the sub-class of interest (observational data).
The GMM specifies the features of the clusters which indicate
different tissues, and estimates which features are likely to differ
between clusters (83).
Sakellarios et al. proposed a 3D reconstruction method based
on the Radial Intensity Projection (RIP) (52). At each equally
distant (2mm) point on the centerline, a radial image was
produced perpendicular to the centerline using the B-spline
derivatives extracted at the specific point. The centerline was
modified using an iterative radial image correction to avoid
surface intersections in highly curved segments. Lumen, calcified
plaque, and non-calcified plaque weremodeled as a 3-component
GMM. The initial parameters were set by the median value of the
HU intensity of the artery. Manual or automated Expectation-
Maximization algorithm based adaption was applied in order to
best fit the model to artery’s HU histogram. Using the GMM
model, each pixel was classified to one of the five classes: (i)
inner wall, (ii) outer wall, (iii) calcified plaque, (iv) non-calcified
plaque, and (v) background, based on the class/component
with the maximum posterior probability. The algorithms were
integrated into a tool for semi-automatic extraction of coronary
and carotid arteries (52). Similarly, in Athanasiou et al.’s work,
the Perpendicular Radial Image (RPI) was generated along the
centerline for the detection of lumen wall and potential plaque
lesion borders (62). Based on the attenuation values, the PRI
image was classified into lumen, non-calcified plaque, calcified
plaque, and background pixels using a 4-component GMM. The
parameters of the GMM were fitted to each CT dataset, based
on a set of regions (from each dataset) manually annotated
by an expert to lumen, non-calcified plaque, calcified plaque,
and background.
Jawaid et al. proposed a hybrid energy model to extract
the coronary artery tree. A tubular model and an elliptical
model were used to present the geometry of arterial segment
and cross-sections, respectively. The boundary of stenosed
segment was reconstructed from adjacent normal segments. The
reconstructed non-calcified plaques were compared with the
manually extracted lumen deformations. This automated plaque
segmentationmethod achieved the accuracy equivalent to human
experts, but a bulk of data is needed for adequate training of the
CNN (64).
The level-set model could simplify the numerical
computations of curves and surfaces in the 3D reconstruction of
plaques. Kigka et al. developed a semi-automated method using
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level sets to extract calcified and non-calcified plaques as well
as arterials walls (47). The results were in accordance with the
manual annotation by experts and the results reconstructed from
IVUS images.
Motion artifacts could cause the deformation of the
reconstructed 3D arterial geometry. To eliminate the artifact-
defective segmentation, Ghanem et al. proposed a robust
framework for the 3D reconstruction of coronary arteries. Firstly,
the initial contour of lumen inner wall was derived using Hessian
analysis and region growing. Secondly, the initial contour of
arterial outer wall was derived using mathematical morphology.
Finally, the lumen and vessel wall were segmented using level
sets. Based on the extracted geometry, the 3D meshes of lumen
and vessel wall were generated using marching cube methods.
Curved multi-planar reformation was used to modify the
geometry (55).
Geometric Parameters in Measurement
As summarized in Table 6, the 1D and 2D geometric parameters
used in 2D plaque extraction could also bemeasured in 3D plaque
extraction. The severity of stenosis and plaque burden could
therefore be calculated as in 2D reconstruction. The severity
of stenosis could be estimated by the ratio of lumen diameters
at the stenotic center (Ds) and normal segment (Dn): severity
= 1-Ds/Dn. This parameter reflects the thickening of arterial
wall due to the accumulation of adipose tissue, and is directly
related to the decrease in myocardial blood flow (53). Kang
et al. proposed a new parameter to evaluate the shape of an
arterial cross-section from its area and perimeter: circularity
= 4π ·area/perimeter2 (51). Additionally, the maximal lumen
area stenosis percentage was also used to estimate the severity
of stenosis (54). For the lipid-rich non-calcified plaques, the
percentage of the lipid core on the arterial cross-sections and cap
thickness (µm) were measured (29) to evaluate the extent of lipid
core development.
Besides aforementioned 1D and 2D parameters, some
3D geometric parameters could be measured in 3D plaque
extraction, including the volume of plaque and different
components, the length of arterial segment centerline, surface
area, and the angle between the vector of centerline and
plaque surface (62). Figure 1 illustrates the geometric parameters
commonly used in 3D plaque extraction.
Intra- and Inter-Observer Repeatability
In the 16 original studies on 3D plaque extraction, 4 included the
intra-observer repeatability (32, 33, 54, 55), and 8 included the
inter-observer repeatability (28, 30, 32, 51, 53–56).
The repeated measurements were performed by experts
including experienced radiologists or technicians (32). Most
of these studies included 2 experts on coronary imaging.
Exceptionally, a study included three expert readers of CT
images to make a consensus reading as the reference which was
compared with the reading made by a blinded reader (51). It was
suggested that intra- and inter-observer repeatability is important
for algorithm validation and has been widely used in recent
studies on 3D plaque extraction (72).
Reference of Accuracy
As in 2D studies, IVUS and ICA were used as the reference
for the evaluation of 3D plaque extraction methods (39, 64). In
addition, different types of scans such as MTCT or biplane X-ray
angiography have also been used as the reference of accuracy (47).
One study reported using 3D remodeling, which is a relatively
new method for the coronary plaque assessment (64).
DISCUSSION
Summary: Merits and Limitations of
Current Methods
In this review, we focus on the summarization of the merits and
limitations of recent studies in three aspects (data, method, and
evaluation), not the detailed analysis of algorithmic innovations.
The methods and algorithms in these studies are highly diverse
with different theoretical bases. Therefore, we introduced some
innovations in these methods and algorithms but did not list
the details.
Data
In both 2D and 3D studies, in vivo data were commonly used.
In vivo data reflect the patient-specific anatomical structures,
therefore are indispensable for the full validation of plaque
extraction algorithms. However, for in vivo data, motion artifacts
caused by cardiac movements could affect the quality of CT
images. In comparison, motion artifacts are excluded from ex
vivo data. Therefore, ex vivo data could be used to evaluate the
accuracy of algorithms in reflecting anatomic details. Regarding
in vitro and phantom data, geometric parameters could be
directly measured on the models; therefore the accuracy of
plaque extraction algorithms could be evaluated quantitatively.
For phantom data, geometric parameters such as the radius
of arterial segment, the thickness of plaque, as well as the
material components, are all adjustable for the evaluation in
different levels. Additionally, biomechanical or hemodynamic
experiments could be performed on the in vitro models and
phantoms to evaluate the plaque extraction algorithms in
different pathophysiological conditions.
Most of the reviewed studies used 1-2 types of data.
More types of data can be included for the comprehensive
evaluation of new algorithms in geometrical details. The majority
of studies included <100 human subjects. Considering the
individual difference in the anatomy of coronary arteries, multi-
center large-scale studies are necessary to validate the proposed
algorithms for clinical applications.
2D and 3D Algorithms
Themajority of 2D reconstructionmethods are based on FBP and
IR. The machine learning algorithms are widely used in the 3D
reconstruction of coronary plaques (33, 51–53, 62).
IR algorithms could reduce noises and radiation dose in
CT scanning, and improve the quality of CT images of obese
patients, coronary atherosclerotic plaques, coronary stents, and
myocardial perfusion (84). Therefore, IR algorithms have been
widely embedded in the software. Despite the benefits in dose
reduction, it is still unclear exactly which kV and mAs for a
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TABLE 6 | Geometric parameters in CT-based coronary plaque evaluation.
Study Geometric parameters
2D 3D
Gaur et al. (56) Numbers of obstructive lesions (stenosis > 50%), plaque
length (mm).
Volume of non-calcified plaques; low-density non-calcified
plaques, calcified plaques, and all plaques (mm3), aggregate
plaque volume (%).
Jawaid et al. (64) Arterial wall thickness, lumen area. N/A
Sakellarios et al. (52) Artery outer border, area of plaques on cross-sections. Centreline, volume.
You et al. (28) N/A Volume of calcified, fibrous and lipid-rich plaques (mm3)
Ghanem et al. (55) Vessel wall thickness (mm), plaque length (mm), luminal
stenosis (%),
Volume of calcified, mixed, and soft lipid-rich plaques (mm3 )
Wei et al. (63), as
summarized in the
review by Jawaid et al.
(72)
N/A Stenosis volume in % Centreline and length of vessels
Athanasiou et al. (62) N/A Volume (mm3 ), surface area (mm2 ), maximum length (mm), and
inner angle (degree) of plaques. Overlapping volume between
different objects (lumen, wall and plaque).
Park et al. (54) Minimal lumen area (mm2 ), maximal lumen diameter stenosis
percentage (%), maximal lumen area stenosis percentage (%),
mean plaque burden (%).
Volume of lumen, vessel, and plaques (mm3 )
Kigka et al. (47) Degree of stenosis (%). Minimal lumen diameter (mm).
Minimal lumen area (mm2 ). Plaque burden (%).
N/A
Károlyi et al. (32) Lesion length (mm) Plaque volume (mm3 ), lumen volume (mm3 ), vessel volume (mm3 ).
Zhao et al. (33) Estimated radius of plaque area segmented from
cross-section (mm).
N/A
Puchner et al. (29) Area of calcified and lipid-care plaques on cross-sections
(mm2), circumference, width, and cap thickness of lipid core
(µm), plaque burden (%)
N/A
Wang et al. (31) Lumen area (mm2 ) volume of plaque components (mL) and their relative values (%)
Matsumoto et al. (30) Plaque thickness (mm), plaque area (mm2 ) on cross-section,
Plaque burden (%).
Plaque composition volume (mm3) and the ratio in total plaque
volume
Sun et al. (61) Degree of lumen stenosis (%). N/A
Kang et al. (51) Degree of lumen stenosis (%). Circularity of cross-section. Location of stenosis (mm) from ostium.
Zreik et al. (53) Degree of lumen stenosis (%). N/A
given body habitus is optimal with each IR algorithm (85).
Furthermore, IR could influence many factors that are important
for the clinical risk stratification of CAD, including coronary
calcification, plaque burden and composition, as well as stenosis
severity (85). There is a lack of comprehensive evaluation of
different IR algorithms regarding diagnostic accuracy and patient
management. In most of the studies included in this review,
the results of IR algorithms were compared with the results of
standard FBP method only (see sections Technical Innovations).
Additionally, there is a lack of quantitative evaluation of IR
algorithms based on ex vivo or phantom data.
Tsompou et al. compared the 3D reconstruction methods
based on different cardiovascular images (86). It was found
that, with de-blooming algorithms, the geometric parameters
(normal and stenosed lumen diameters, severity and length of
plaque) and wall shear stress calculated from the 3D models
reconstructed from CCTA images were not significantly different
from the results derived from quantitative coronary analysis
and IVUS (86). Therefore, the accurate estimation of 3D plaque
geometry could be achieved by using CT images. However, the
majority of 3D plaque reconstruction algorithms are based on
attenuation value or diameter estimation (Table 3). There is
a lack of investigation on the 3D geometric characteristics of
coronary plaques.
Machine learning has been widely used in the analysis of
cardiac images and signals and has been proven to be effective in
predicting heart failure and other clinical events (87). Especially,
fully automated machine learning algorithms may facilitate the
processing of large-scale image datasets. For clinical application,
images from picture archiving and communication systems can
be segmented out and fed into other machine learning layers
in order to establish a diagnostic and a prognostic course
(87). For example, the risk of plaque rupture is associated
with stress concentration, which depends on the mechanical
properties and the geometry of the reconstructed plaques (88).
Thus, machine learning could assist the clinical professionals
to estimate the vulnerability of the atheroma plaque (88). In
comparison, traditional 3D finite element analysis of plaque
rupture requires huge computational resources, therefore is
not suitable for clinical use. The machine learning methods
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FIGURE 1 | 1D, 2D, and 3D geometric parameters used in 3D plaque
reconstruction. LS, length of stenosis; LC, length of centreline of arterial
segment; Vsl, volume of lumen in stenosed segment; Vnc, volume of
non-calcified components; Vc, volume of calcification; Vp, volume of plaque;
ACN, area of lumen cross-section in normal segment; ACS, area of lumen
cross-section in stenosed segment; ACc, cross-section area of calcification;
ACnc, cross-section area of non-calcified (lipid or fibrotic) components; ACp,
cross-section area of plaque. The red, yellow, and white areas illustrate the
stenosed lumen, the non-calcified components, and the calcification.
have been applied in the classification of plaque type (33,
53) and anatomic significance (51, 53, 64), whereas, there
is a lack of clinical validation and application. Additionally,
machine learning can be used in the estimation of hemodynamic
parameters of coronary arteries such as FFR from CTA images
(89). The application of machine learning in the CT-based
coronary plaque assessment deserves further investigation under
multidisciplinary collaboration.
Automatic Algorithms and Manual Interactions
As shown in Table 4, setting the boundaries and adjusting
the results are the commonest manual interactions in semi-
automatic plaque extraction methods (72). However, manual
adjustment is time-consuming and dependent on operator skills
(24). There is a high need to develop automatedmethods that can
achieve the reliable extraction of coronary plaques.
Advanced algorithms based on AI (machine learning,
deep learning, etc.) provide an important approach toward
the automation of coronary plaque extraction. For example,
Wolterink et al. have successfully developed an automatic
method to identify the calcified voxels using paired convolutional
neural networks (90). Furthermore, based on the big data and
new technologies such as radiomics, more information could be
extracted in parallel with the reconstruction of plaque geometry,
achieving the preliminary diagnosis and automatic screening of
CAD patients based on clinico-radiological information (91).
In both semi-automatic and automatic methods of plaque
extraction, the manual extraction results have been widely used
for training and validating the algorithms. In 2013, Kirisli
et al. compared 11 automatic and semi-automatic algorithms
of coronary plaque extraction on a dataset of 48 symptomatic
CAD patients (92). The authors quantitatively evaluated the
accuracy of these algorithms. They concluded that current
stenosis detection/quantification algorithms are not sufficiently
reliable to be used stand-alone in clinical practice, but that
some could be used for triage or as a second-reader. They also
suggested that automatic lumen segmentation could achieve the
precision comparable to experts’ manual segmentation. Thus,
the manual extraction results with high accuracy still play a
key role in algorithm evaluation. The standardized datasets such
as Rotterdam dataset (33, 64) provided an appropriate choice.
Nevertheless, due to the limitations in data sharing, very few
datasets are currently available.
IVUS images have high resolution, which makes them
adequate for clinical diagnosis and algorithm validation.
Additionally, to improve the accuracy of plaque extraction, IVUS
images could be used as a virtual reality tool to explore and
understand the outer and inner structure of coronary arteries
(76). Compared with manually extracted results, IVUS images
could serve as a more reliable reference for the validation of
plaque extraction algorithms. However, the validation requires
the co-registration of CT and IVUS images, which is still often
performed manually.
Geometric Parameters
The geometry of coronary arteries and plaques could influence
the development of atherosclerosis and the occurrence of
cardiovascular events (93). In the majority of 2D studies, the
geometric parameters are measured from the cross-sections or
other 2D images. In 3D studies, 1D, 2D, and 3D parameters are
all included. It has been proven that the geometric parameters
(cross-section area, area severity, etc.) of coronary plaques are
reproducible with high intra- and inter-observer agreement (94).
The severity of plaques has been estimated by the ratios in
diameter (53) and area (39, 66). Some secondary parameters
could be derived from the 3D geometry of coronary plaques.
For example, radius gradient of the plaque, which reflects
longitudinal lesion asymmetry, has been proven to be associated
with the location of plaque rupture and consequent clinical
events (95). The curvature and tortuosity of coronary arteries
might be related to the development of atherosclerosis and plaque
size (96, 97). These secondary parameters and their clinical
indication need further investigation.
Extraction and Classification of Different Plaques
As to the extraction of calcified plaques, de-blooming algorithms
(17, 86) have been proposed and proven to be effective in
reducing blooming artifacts (86). However, it was found that
the calcium density, which is directly related with blooming
artifacts, has little effect on the accuracy of CTA (98). Therefore,
other details such as the dose, individual difference, and the de-
blooming of co-existing plaques and stents (99), need further
investigation to improve the accuracy and reliability of calcified
plaque extraction.
For non-calcified plaques, we observed different classification
standards (Table 2) and attenuation thresholds (Table 3). The
most detailed classification included lipid-rich, fibrous, and
calcified plaques. In a parallel study on plaque extraction in
carotid arteries on CTA images, the components of non-calcified
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FIGURE 2 | Extraction of different components of a vulnerable plaque in
carotid artery using semi-automatic method based on different HU values. (A)
Sagittal section of carotid artery. (B) Transverse section. Adapted from Diab
et al. (100) © 2019 by the authors. CC BY 4.0.
plaques have been classified as lipid, fibrofatty, fibrotic, and
fibro-calcified (100) (Figure 2). In another study, carotid plaques
are classified as intimal lipid accumulation, lipid-rich necrotic
cores, calcification, fibrosis, and calcification (101). Lipid-rich
necrotic core is a major characteristic of high-risk vulnerable
plaques, which is an important reference for clinical diagnosis
and intervention. It has been known that lipid-rich lesions can
be separated from more fibrous ones on CT images, which could
be used to estimate the risk of plaque rupture (102). In 2013,
Obaid et al. evaluated the accuracy of a 3D plaque extraction
method in estimating different components of coronary plaques
on CT images (103). The accuracies of CT and VH-IVUS were
comparable in detecting calcified plaque (83 vs. 92%), necrotic
core (80 vs. 65%), and fibroatheroma (80 vs. 79%), with ex vivo
histology as the reference. A plaque containing large amounts
of lipid may be classified by VH-IVUS as fibro-fatty tissue but
have low attenuation, and be classified as the necrotic core on
CT images. Accurate and quantitative estimation of different
components of non-calcified plaques on CT images is still
challenging due to the limited temporal, spatial, and contrast
resolutions of current scanners (102).
Future Directions
In future studies, the application of machine learning and
automatic methods (extraction of the centerline of coronary
arteries, segmentation, quantification of calcification and other
components, etc.) could improve the efficiency of coronary
plaque extraction from CT images. More geometric parameters
could be derived from the 3D geometry of extracted plaques.
The accuracy of plaque extraction could be improved in
the following aspects: the inclusion of more data types, the
comprehensive evaluation of IR algorithms on ex vivo and in
vitro data, themulti-center large-scale studies, more standardized
datasets, the investigation on the geometric properties of
coronary plaques, further investigation and standardization of
de-blooming algorithms, and more detailed classification of non-
calcified plaques.
AUTHOR CONTRIBUTIONS
HL proposed the structure of the review. AW searched for the
literature. HL and AW analyzed the literature and drafted the
manuscript. DZ supervised the project that led to production of
the results. All contributed to the discussion and revision of the
manuscript and concur with the current submitted version.
FUNDING
This study was supported by the Newton Funds
Industry Academia Partnership Programme (Grant No.
IAPP1R2\100204), the Zhejiang Provincial Department of
Science and Technology (Grant No. 2020C03016), the High-level
University Fund of Southern University of Science of Technology
(Grant No. G02236002), and the National Key Research and
Development Program of China (Grant No. 2018YFE0198400).
REFERENCES
1. Benjamin EJ, Virani SS, Callaway CW, Chamberlain AM,
Chang AR, Cheng S, et al. Heart disease and stroke statistics-
2018 update: a report from the American Heart Association.
Circulation. (2018). 137:e67–492. doi: 10.1161/CIR.000000000
0000558
2. Govindaraju K, Badruddin IA, Viswanathan GN, Ramesh SV,
Badarudin A. Evaluation of functional severity of coronary artery
disease and fluid dynamics’ influence on hemodynamic parameters:
a review. Physica Medica. (2013) 29:225–32. doi: 10.1016/j.ejmp.2012.
03.008
3. Lee S-E, Villines TC, Chang H-J. Should CT replace IVUS for evaluation
of CAD in large-scale clinical trials: effects of medical therapy on
atherosclerotic plaque. J Cardiovasc Comput Tomogr. (2019) 13:248–53.
doi: 10.1016/j.jcct.2019.06.017
4. Dweck MR, Puntmann VO, Vesey AT, Fayad ZA, Nagel E. MR imaging of
coronary arteries and plaques. JACC Cardiovasc Imaging. (2016) 9:306–16.
doi: 10.1016/j.jcmg.2015.12.003
5. Wang Y, Osborne MT, Tung B, Li M, Li Y. Imaging
cardiovascular calcification. J Am Heart Assoc. (2018) 7:e008564.
doi: 10.1161/JAHA.118.008564
6. Daghem M, Bing R, Fayad ZA, Dweck MR. Noninvasive imaging to
assess atherosclerotic plaque composition and disease activity: coronary
and carotid applications. JACC Cardiovasc Imaging. (2019). 13:1055–68.
doi: 10.1016/j.jcmg.2019.03.033
7. Becker CR, Ohnesorge BM, Schoepf UJ, Reiser MF. Current development of
cardiac imaging with multidetector-row CT. Eur J Radiol. (2000) 36:97–103.
doi: 10.1016/S0720-048X(00)00272-2
8. Vogl TJ, Abolmaali ND, Diebold T, Engelmann K, Ay M, Dogan S,
et al. Techniques for the detection of coronary atherosclerosis: multi-
detector row CT coronary angiography. Radiology. (2002) 223:212–20.
doi: 10.1148/radiol.2231010515
9. Vanhoenacker PK, Heijenbrok-Kal MH, Van Heste R, Decramer I,
Van Hoe LR, Wijns W, et al. Diagnostic performance of multidetector
CT angiography for assessment of coronary artery disease: meta-
analysis. Radiology. (2007) 244:419–28. doi: 10.1148/radiol.2442
061218
Frontiers in Cardiovascular Medicine | www.frontiersin.org 19 February 2021 | Volume 8 | Article 597568
Liu et al. Cutting-Edge CT-based Coronary Plaque Analysis
10. Budoff Matthew J, Achenbach S, Blumenthal Roger S, Carr JJ, Goldin
Jonathan G, Greenland P, et al. Assessment of coronary artery disease
by cardiac computed tomography. Circulation. (2006) 114:1761–91.
doi: 10.1161/CIRCULATIONAHA.106.178458
11. Dey D, Cheng VY, Slomka PJ, Nakazato R, Ramesh A, Gurudevan S,
et al. Automated 3-dimensional quantification of noncalcified and calcified
coronary plaque from coronary CT angiography. J Cardiovasc Comput
Tomogr. (2009) 3:372–82. doi: 10.1016/j.jcct.2009.09.004
12. Rinehart S, Vazquez G, Qian Z, Murrieta L, Christian K, Voros S.
Quantitative measurements of coronary arterial stenosis, plaque geometry,
and composition are highly reproducible with a standardized coronary
arterial computed tomographic approach in high-quality CT datasets. J
Cardiovas Comput Tomogr. (2011) 5:35–43. doi: 10.1016/j.jcct.2010.09.006
13. Springer I, Dewey M. Comparison of multislice computed tomography
with intravascular ultrasound for detection and characterization of coronary
artery plaques: a systematic review. Eur J Radiol. (2009) 71:275–82.
doi: 10.1016/j.ejrad.2008.04.035
14. Holzapfel GA, Mulvihill JJ, Cunnane EM, Walsh MT. Computational
approaches for analyzing the mechanics of atherosclerotic plaques: a review.
J Biomech. (2014) 47:859–69. doi: 10.1016/j.jbiomech.2014.01.011
15. Zhang J-M, Zhong L, Su B, Wan M, Yap JS, Tham JPL, et al. Perspective
on CFD studies of coronary artery disease lesions and hemodynamics:
a review. Int J Numerical Methods Biomed Eng. (2014) 30:659–80.
doi: 10.1002/cnm.2625
16. Olgac U, Poulikakos D, Saur SC, Alkadhi H, Kurtcuoglu V. Patient-specific
three-dimensional simulation of LDL accumulation in a human left coronary
artery in its healthy and atherosclerotic states. Am J Physiol Heart Circ
Physiol. (2009) 296:H1969–82. doi: 10.1152/ajpheart.01182.2008
17. Li P, Xu L, Yang L, Wang R, Hsieh J, Sun Z, et al. Blooming artifact reduction
in coronary artery calcification by a new de-blooming algorithm: initial
study. Sci Rep. (2018) 8:6945. doi: 10.1038/s41598-018-25352-5
18. Liu J, Jin C, Feng J, Du Y, Lu J, Zhou J, editors. A Vessel-
Focused 3D Convolutional Network for Automatic Segmentation and
Classification of Coronary Artery Plaques in Cardiac CTA. Statistical
Atlases and Computational Models of the Heart Atrial Segmentation
and LV Quantification Challenges 2019. (2019). Cham: Springer
International Publishing.
19. Henein MY, Vancheri S, Bajraktari G, Vancheri F. Coronary atherosclerosis
imaging. Diagnostics. (2020) 10:65. doi: 10.3390/diagnostics10020065
20. Li Y, Yu M, Dai X, Lu Z, Shen C, Wang Y, et al. Detection of
hemodynamically significant coronary stenosis: CT myocardial perfusion
versus machine learning CT fractional flow reserve. Radiology. (2019)
293:305–14. doi: 10.1148/radiol.2019190098
21. Moss AJ, Williams MC, Newby DE, Nicol ED. The updated NICE guidelines:
cardiac CT as the first-line test for coronary artery disease. Curr Cardiovas
Imaging Rep. (2017) 10:15. doi: 10.1007/s12410-017-9412-6
22. Øvrehus KA, Schuhbaeck A, Marwan M, Achenbach S, Nørgaard BL, Bøtker
HE, et al. Reproducibility of semi-automatic coronary plaque quantification
in coronary CT angiography with sub-mSv radiation dose. J Cardiovasc
Comput Tomogr. (2016) 10:114–20. doi: 10.1016/j.jcct.2015.11.003
23. Szilveszter B, Elzomor H, Károlyi M, Kolossváry M, Raaijmakers R,
Benke K, et al. The effect of iterative model reconstruction on coronary
artery calcium quantification. Int J Cardiovasc Imaging. (2016) 32:153–60.
doi: 10.1007/s10554-015-0740-9
24. Braber TL, Willemink MJ, Bohté EH, Mosterd A, Leiner T, Velthuis BK.
Assessment of coronary artery calcium on low-dose coronary computed
tomography angiography with iterative reconstruction. J Comput Assist
Tomogr. (2016) 40:266–71. doi: 10.1097/RCT.0000000000000347
25. Messerli M, Rengier F, Desbiolles L, Ehl NF, Bauer RW, Leschka
S, et al. Impact of advanced modeled iterative reconstruction on
coronary artery calcium quantification. Acad Radiol. (2016) 23:1506–12.
doi: 10.1016/j.acra.2016.08.008
26. Chen Z, Boldeanu I, Nepveu S, Durand M, Chin AS, Kauffmann C, et al.
In vivo coronary artery plaque assessment with computed tomography
angiography: is there an impact of iterative reconstruction on plaque
volume and attenuation metrics? Acta Radiologica. (2016) 58:660–9.
doi: 10.1177/0284185116664229
27. Precht H, Kitslaar PH, Broersen A, Gerke O, Dijkstra J, Thygesen
J, et al. First experiences with model based iterative reconstructions
influence on quantitative plaque volume and intensity measurements in
coronary computed tomography angiography. Radiography. (2017) 23:77–9.
doi: 10.1016/j.radi.2016.08.003
28. You S, Sun JS, Park SY, Baek Y, Kang DK. Relationship between
indexed epicardial fat volume and coronary plaque volume
assessed by cardiac multidetector CT. Medicine. (2016) 95:e4164.
doi: 10.1097/MD.0000000000004164
29. Puchner SB, FerencikM,Maurovich-Horvat P, NakanoM,Otsuka F, Kauczor
H-U, et al. Iterative image reconstruction algorithms in coronary CT
angiography improve the detection of lipid-core plaque—a comparison with
histology. Eur Radiol. (2015) 25:15–23. doi: 10.1007/s00330-014-3404-6
30. Matsumoto H, Watanabe S, Kyo E, Tsuji T, Ando Y, Otaki Y, et al.
Standardized volumetric plaque quantification and characterization
from coronary CT angiography: a head-to-head comparison with
invasive intravascular ultrasound. Eur Radiol. (2019) 29:6129–39.
doi: 10.1007/s00330-019-06219-3
31. Wang C, Liao Y, Chen H, Zhen X, Li J, Xu Y, et al. Influence of tube potential
on quantitative coronary plaque analyses by low radiation dose computed
tomography: a phantom study. Int J Cardiovasc Imaging. (2018) 34:1315–22.
doi: 10.1007/s10554-018-1344-y
32. Károlyi M, Szilveszter B, Kolossváry M, Takx RAP, Celeng C, Bartykowszki
A, et al. Iterative model reconstruction reduces calcified plaque
volume in coronary CT angiography. Eur J Radiol. (2017) 87:83–9.
doi: 10.1016/j.ejrad.2016.12.012
33. Zhao F, Wu B, Chen F, Cao X, Yi H, Hou Y, et al. An automatic multi-class
coronary atherosclerosis plaque detection and classification framework.Med
Biol Eng Comput. 2019;57(1):245-57. doi: 10.1007/s11517-018-1880-6
34. Rodriguez-Granillo GA, Carrascosa P, Bruining N, Waksman R, Garcia-
Garcia HM. Defining the non-vulnerable and vulnerable patients with
computed tomography coronary angiography: evaluation of atherosclerotic
plaque burden and composition. Eur Heart J Cardiovasc Imaging. (2016)
17:481–91. doi: 10.1093/ehjci/jew012
35. Rossi A, Papadopoulou S-L, Pugliese F, Russo B, Dharampal
AS, Dedic A, et al. Quantitative computed tomographic
coronary angiography. Circ Cardiovasc Imaging. (2014) 7:43–51.
doi: 10.1161/CIRCIMAGING.112.000277
36. Li T, Tang T, Yang L, Zhang X, Li X, Luo C. Coronary CT angiography
with knowledge-based iterative model reconstruction for assessing coronary
arteries and non-calcified predominant plaques. Korean J Radiol. (2019)
20:729–38. doi: 10.3348/kjr.2018.0435
37. Funama Y, Utsunomiya D, Hirata K, Taguchi K, Nakaura T, Oda S,
et al. Improved estimation of coronary plaque and luminal attenuation
using a vendor-specific model-based iterative reconstruction algorithm in
contrast-enhanced CT coronary angiography. Acad Radiol. (2017) 24:1070–
8. doi: 10.1016/j.acra.2017.02.006
38. Kashani H, Wright G, Ursani A, Liu G, Hashemi M, Paul NS.
Optimization of computed tomography coronary angiography for
improved plaque detection. J Comput Assist Tomogr. (2018) 42:240–7.
doi: 10.1097/RCT.0000000000000663
39. Puchner SB, Ferencik M, Maehara A, Stolzmann P, Ma S, Do S, et al. Iterative
image reconstruction improves the accuracy of automated plaque burden
assessment in coronary CT angiography: a comparison with intravascular
ultrasound. Am J Roentgenol. (2017) 208:777–84. doi: 10.2214/AJR.16.17187
40. Pelgrim GJ, van Hamersvelt RW, Willemink MJ, Schmidt BT, Flohr T,
Schilham A, et al. Accuracy of iodine quantification using dual energy
CT in latest generation dual source and dual layer CT. Eur Radiol. (2017)
27:3904–12. doi: 10.1007/s00330-017-4752-9
41. Otsuka F, Sakakura K, Yahagi K, Joner M, Virmani R. Has our understanding
of calcification in human coronary atherosclerosis progressed? Arterioscler
Thromb Vasc Biol. (2014) 34:724–36. doi: 10.1161/ATVBAHA.113.302642
42. Stary HC. Natural history and histological classification of
atherosclerotic lesions. Arterioscler Thromb Vasc Biol. (2000) 20:1177–8.
doi: 10.1161/01.ATV.20.5.1177
43. Hetterich H, Webber N, Willner M, Herzen J, Birnbacher L, Hipp A,
et al. AHA classification of coronary and carotid atherosclerotic plaques
Frontiers in Cardiovascular Medicine | www.frontiersin.org 20 February 2021 | Volume 8 | Article 597568
Liu et al. Cutting-Edge CT-based Coronary Plaque Analysis
by grating-based phase-contrast computed tomography. Eur Radiol. (2016)
26:3223–33. doi: 10.1007/s00330-015-4143-z
44. Lindeman JH, Hulsbos L, van den Bogaerdt AJ, Geerts M, van Gool AJ,
Hamming JF, et al. Qualitative evaluation of coronary atherosclerosis in a
large cohort of young and middle-aged Dutch tissue donors implies that
coronary thrombo-embolic manifestations are stochastic. PLoS ONE. (2018)
13:e0207943. doi: 10.1371/journal.pone.0207943
45. Vaideeswar P, Tyagi S, Singaravel S. Pathology of atherosclerotic coronary
artery disease in the young Indian population. Forensic Sci Res. (2019)
4:241–6. doi: 10.1080/20961790.2019.1592315
46. Obaid DR, Calvert PA, Brown A, Gopalan D, West NEJ, Rudd JHF, et al.
Coronary CT angiography features of ruptured and high-risk atherosclerotic
plaques: correlation with intra-vascular ultrasound. J Cardiovasc Comput
Tomogr. (2017) 11:455–61. doi: 10.1016/j.jcct.2017.09.001
47. Kigka VI, Rigas G, Sakellarios A, Siogkas P, Andrikos IO, Exarchos TP, et al.
3D reconstruction of coronary arteries and atherosclerotic plaques based on
computed tomography angiography images. Biomed Signal Process Control.
(2018) 40:286–94. doi: 10.1016/j.bspc.2017.09.009
48. Cui Y, Zeng W, Yu J, Lu J, Hu Y, Diao N, et al. Quantification
of left coronary bifurcation angles and plaques by coronary computed
tomography angiography for prediction of significant coronary stenosis: a
preliminary study with dual-source CT. PLoS ONE. (2017) 12:e0174352.
doi: 10.1371/journal.pone.0174352
49. Infante T, Forte E, Schiano C, Punzo B, Cademartiri F, Cavaliere
C, et al. Evidence of association of circulating epigenetic-sensitive
biomarkers with suspected coronary heart disease evaluated by
Cardiac Computed Tomography. PLoS ONE. (2019) 14:e0210909.
doi: 10.1371/journal.pone.0210909
50. Kolossváry M, Szilveszter B, Merkely B, Maurovich-Horvat P. Plaque
imaging with CT-a comprehensive review on coronary CT angiography
based risk assessment. Cardiovas Diagn Ther. (2017) 7:489–506.
doi: 10.21037/cdt.2016.11.06
51. Kang D, Dey D, Slomka P, Arsanjani R, Nakazato R, Ko H, et al. Structured
learning algorithm for detection of nonobstructive and obstructive coronary
plaque lesions from computed tomography angiography. J Med Imaging.
(2015) 2:014003. doi: 10.1117/1.JMI.2.1.014003
52. Sakellarios AI, Rigas G, Exarchos TP, Fotiadis DI, editors. A methodology
and a software tool for 3D reconstruction of coronary and carotid
arteries and atherosclerotic plaques. 2016 IEEE International Conference
on Imaging Systems and Techniques (IST) 2016 4-6 Oct. Chania (2016).
doi: 10.1109/IST.2016.7738284
53. Zreik M, Hamersvelt RWV, Wolterink JM, Leiner T, Viergever MA, Išgum
I. A recurrent CNN for automatic detection and classification of coronary
artery plaque and stenosis in coronary CT angiography. IEEE Trans Med
Imaging. (2019) 38:1588–98. doi: 10.1109/TMI.2018.2883807
54. Park H-B, Lee BK, Shin S, Heo R, Arsanjani R, Kitslaar PH, et al.
Clinical feasibility of 3D automated coronary atherosclerotic plaque
quantification algorithm on coronary computed tomography angiography:
comparison with intravascular ultrasound. Eur Radiol. (2015) 25:3073–83.
doi: 10.1007/s00330-015-3698-z
55. Ghanem AM, Hamimi AH, Matta JR, Carass A, Elgarf RM, Gharib
AM, et al. Automatic coronary wall and atherosclerotic plaque
segmentation from 3D coronary CT angiography. Sci Rep. (2019) 9:47.
doi: 10.1038/s41598-018-37168-4
56. Gaur S, Øvrehus KA, Dey D, Leipsic J, Bøtker HE, Jensen JM, et al. Coronary
plaque quantification and fractional flow reserve by coronary computed
tomography angiography identify ischaemia-causing lesions. Eur Heart J.
(2016) 37:1220–7. doi: 10.1093/eurheartj/ehv690
57. Maffei E, Nieman K, Martini C, Catalano O, Seitun S, Arcadi T,
et al. Classification of noncalcified coronary atherosclerotic plaque
components on CT coronary angiography: impact of vascular attenuation
and density thresholds. La radiologia medica. (2012) 117:230–41.
doi: 10.1007/s11547-011-0744-z
58. Takx RAP, Willemink MJ, Nathoe HM, Schilham AMR, Budde RPJ, de Jong
PA, et al. The effect of iterative reconstruction on quantitative computed
tomography assessment of coronary plaque composition. Int J Cardiovas
Imaging. (2014) 30:155–63. doi: 10.1007/s10554-013-0293-8
59. Szilveszter B, Celeng C, Maurovich-Horvat P. Plaque assessment
by coronary CT. Int J Cardiovas Imaging. (2016) 32:161–72.
doi: 10.1007/s10554-015-0741-8
60. Blaha MJ, BudoffMJ, Tota-Maharaj R, Dardari ZA,Wong ND, Kronmal RA,
et al. Improving the CAC score by addition of regional measures of calcium
distribution: multi-ethnic study of atherosclerosis. JACC Cardiovas Imaging.
(2016) 9:1407–16. doi: 10.1016/j.jcmg.2016.03.001
61. Sun Z, Ng CKC, Squelch A. Synchrotron radiation computed tomography
assessment of calcified plaques and coronary stenosis with different slice
thicknesses and beam energies on 3D printed coronary models. Quant
Imaging Med Surg. (2018) 9:6–22. doi: 10.21037/qims.2018.09.11
62. Athanasiou LS, Rigas GA, Sakellarios AI, Exarchos TP, Siogkas PK, Michalis
LK, et al. editors. Three-dimensional reconstruction of coronary arteries and
plaque morphology using CT angiography—comparison and registration
using IVUS. 2015 37th Annual International Conference of the IEEE
Engineering in Medicine and Biology Society (EMBC); 2015 25-29 Aug.
Milan (2015). doi: 10.1109/EMBC.2015.7319671
63. Wei J, Zhou C, Chan H-P, Chughtai A, Agarwal P, Kuriakose J,
et al. Computerized detection of noncalcified plaques in coronary CT
angiography: evaluation of topological soft gradient prescreening method
and luminal analysis.Med Phys. (2014) 41:081901. doi: 10.1118/1.4885958
64. Jawaid MM, Narejo S, Pirzada N, Baloch J, Reyes-Aldasoro CC, Slabaugh
GG. Automated quantification of non-calcified coronary plaques in cardiac
CT angiographic imagery. Int J Adv Comput Sci Appl. (2018) 9:216–22.
doi: 10.14569/IJACSA.2018.090731
65. Renker M, JohnW. Nance J, Schoepf UJ, O’Brien TX, Zwerner PL, Meyer M,
et al. Evaluation of heavily calcified vessels with coronary CT angiography:
comparison of iterative and filtered back projection image reconstruction.
Radiology. (2011) 260:390–9. doi: 10.1148/radiol.11103574
66. Stolzmann P, Schlett CL, Maurovich-Horvat P, Maehara A, Ma S, Scheffel
H, et al. Variability and accuracy of coronary CT angiography including
use of iterative reconstruction algorithms for plaque burden assessment as
compared with intravascular ultrasound-an ex vivo study. Eur Radiol. (2012)
22:2067–75. doi: 10.1007/s00330-012-2464-8
67. Shukla DR, McLaughlin RJ, Lee J, Cofield RH, Sperling JW, Sánchez-
Sotelo J. Intraobserver and interobserver reliability of the modified Walch
classification using radiographs and computed tomography. J Shoulder
Elbow Surg. (2019) 28:625–30. doi: 10.1016/j.jse.2018.09.021
68. Hoffmann H, Frieler K, Hamm B, Dewey M. Intra- and interobserver
variability in detection and assessment of calcified and noncalcified coronary
artery plaques using 64-slice computed tomography. Int J Cardiovasc
Imaging. (2008) 24:735–42. doi: 10.1007/s10554-008-9299-z
69. Cheng VY, Nakazato R, Dey D, Gurudevan S, Tabak J, Budoff
MJ, et al. Reproducibility of coronary artery plaque volume and
composition quantification by 64-detector row coronary computed
tomographic angiography: an intraobserver, interobserver, and interscan
variability study. J Cardiovasc Comput Tomogr. (2009) 3:312–20.
doi: 10.1016/j.jcct.2009.07.001
70. Doh J-H, Koo B-K, Nam C-W, Kim J-H, Min JK, Nakazato R, et al.
Diagnostic value of coronary CT angiography in comparison with
invasive coronary angiography and intravascular ultrasound in patients
with intermediate coronary artery stenosis: results from the prospective
multicentre FIGURE-OUT (Functional Imaging criteria for GUiding REview
of invasive coronary angiOgraphy, intravascular Ultrasound, and coronary
computed Tomographic angiography) study. Eur Heart J Cardiovasc
Imaging. (2014) 15:870–7. doi: 10.1093/ehjci/jeu009
71. Nakazato R, Shalev A, Doh J-H, Koo B-K, Dey D, Berman DS, et al.
Quantification and characterisation of coronary artery plaque volume and
adverse plaque features by coronary computed tomographic angiography: a
direct comparison to intravascular ultrasound. Eur Radiol. (2013) 23:2109–
17. doi: 10.1007/s00330-013-2822-1
72. Jawaid MM, Narejo S, Qureshi IA, Pirzada N. A review of the state-of-the-
art methods for plaque detection in cardiac CT angiography. Int J Comput
Theory Eng. (2018) 10:84–92. doi: 10.7763/IJCTE.2018.V10.1204
73. Athanasiou L, Rigas G, Sakellarios AI, Exarchos TP, Siogkas PK, Bourantas
CV, et al. Three-dimensional reconstruction of coronary arteries and
plaque morphology using CT angiography—comparison and registration
Frontiers in Cardiovascular Medicine | www.frontiersin.org 21 February 2021 | Volume 8 | Article 597568
Liu et al. Cutting-Edge CT-based Coronary Plaque Analysis
with IVUS. BMC Med Imaging. (2016) 16:9. doi: 10.1186/s12880-016-
0111-6
74. Fok P-W. Multi-layer mechanical model of glagov remodeling in
coronary arteries: differences between in-vivo and ex-vivo measurements.
PLoS ONE. (2016) 11:e0159304-e. doi: 10.1371/journal.pone.0
159304
75. Min JK, Shaw LJ, Devereux RB, Okin PM, Weinsaft JW, Russo DJ,
et al. Prognostic value of multidetector coronary computed tomographic
angiography for prediction of all-cause mortality. J Am Coll Cardiol. (2007)
50:1161–70. doi: 10.1016/j.jacc.2007.03.067
76. Kutty SB, Rahmat RWOK, Kassim S, Madzin H, Hamdan H, editors.
A review of 3D reconstruction of coronary arteries based on the co-
registration of IVUS and coronary angiogram. International Conference on
Computer Assisted System in Health; 2014 19-21 Dec. Kuala Lumpur (2014).
doi: 10.1109/CASH.2014.21
77. Kim C, Lee KY, Shin C, Kang E-Y, Oh Y-W, Ha M, et al. Comparison
of filtered back projection, hybrid iterative reconstruction, model-based
iterative reconstruction, and virtual monoenergetic reconstruction images at
both low- and standard-dose settings inmeasurement of emphysema volume
and airway wall thickness: a CT phantom study. Korean J Radiol. (2018)
19:809–17. doi: 10.3348/kjr.2018.19.4.809
78. Smith EA, Dillman JR, Goodsitt MM, Christodoulou EG, Keshavarzi N,
Strouse PJ. Model-based iterative reconstruction: effect on patient radiation
dose and image quality in pediatric body CT. Radiology. (2013) 270:526–34.
doi: 10.1148/radiol.13130362
79. Takahashi M, Kimura F, Umezawa T, Watanabe Y, Ogawa H. Comparison
of adaptive statistical iterative and filtered back projection reconstruction
techniques in quantifying coronary calcium. J Cardiovasc Comput Tomogr.
(2016) 10:61–8. doi: 10.1016/j.jcct.2015.07.012
80. Mastrodicasa D, Albrecht MH, Schoepf UJ, Varga-Szemes A, Jacobs BE,
Gassenmaier S, et al. Artificial intelligence machine learning-based coronary
CT fractional flow reserve (CT-FFRML): impact of iterative and filtered back
projection reconstruction techniques. J Cardiovasc Comput Tomogr. (2019)
13:331–5. doi: 10.1016/j.jcct.2018.10.026
81. Litjens G, Ciompi F, Wolterink JM, de Vos BD, Leiner T, Teuwen J,
et al. State-of-the-art deep learning in cardiovascular image analysis. JACC
Cardiovasc Imaging. (2019) 12:1549–65. doi: 10.1016/j.jcmg.2019.06.009
82. Wang Z-L, Zhou Z-G, Chen Y, Li X-T, Sun Y-S. Support vector machines
model of computed tomography for assessing lymph node metastasis in
esophageal cancer with neoadjuvant chemotherapy. J Comp Assist Tomogr.
(2017) 41:455–60. doi: 10.1097/RCT.0000000000000555
83. Moraru L, Moldovanu S, Dimitrievici LT, Dey N, Ashour AS, Shi F, et al.
Gaussian mixture model for texture characterization with application to
brain DTI images. J Adv Res. (2019) 16:15–23. doi: 10.1016/j.jare.2019.01.001
84. Halliburton SS, Tanabe Y, Partovi S, Rajiah P. The role of advanced
reconstruction algorithms in cardiac CT. Cardiovasc Diagn Ther. (2017)
7:527–38. doi: 10.21037/cdt.2017.08.12
85. Tayal U, King L, Schofield R, Castellano I, Stirrup J, Pontana F, et al.
Image reconstruction in cardiovascular CT: Part 2 &#x2013; Iterative
reconstruction; potential and pitfalls. J Cardiovasc Comput Tomogr. (2019)
13:3–10. doi: 10.1016/j.jcct.2019.04.009
86. Tsompou PI, Sakellarios AI, Siogkas PK, Andrikos IO, Kigka VI, Lemos
PA, et al. editors. Comparison of 3D reconstruction methods based on
different cardiovascular imaging: a study of multimodality reconstruction
method. 2018 40th Annual International Conference of the IEEE Engineering
in Medicine and Biology Society (EMBC); 2018 18-21 July (2018).
87. Al’Aref SJ, Anchouche K, Singh G, Slomka PJ, Kolli KK, Kumar A,
et al. Clinical applications of machine learning in cardiovascular disease
and its relevance to cardiac imaging. Eur Heart J. (2018) 40:1975–86.
doi: 10.1093/eurheartj/ehy404
88. Cilla M, Martinez J, Pena E, Martínez MÁ. Machine learning techniques
as a helpful tool toward determination of plaque vulnerability. IEEE Trans
Biomed Eng. (2012) 59:1155–61. doi: 10.1109/TBME.2012.2185495
89. Coenen A, Kim Y-H, Kruk M, Tesche C, De Geer J, Kurata A, et al.
Diagnostic accuracy of a machine-learning approach to coronary computed
tomographic angiography-based fractional flow reserve. Circ Cardiovasc
Imaging. (2018) 11:e007217. doi: 10.1161/CIRCIMAGING.117.007217
90. Wolterink JM, Leiner T, de Vos BD, van Hamersvelt RW, Viergever
MA, Išgum I. Automatic coronary artery calcium scoring in cardiac CT
angiography using paired convolutional neural networks. Med Image Anal.
(2016) 34:123–36. doi: 10.1016/j.media.2016.04.004
91. Kolossváry M, De Cecco CN, Feuchtner G, Maurovich-Horvat P.
Advanced atherosclerosis imaging by CT: radiomics, machine learning
and deep learning. J Cardiovasc Comput Tomogr. (2019) 13:274–80.
doi: 10.1016/j.jcct.2019.04.007
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